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Abstract

This paper presents a stochastic model to tackle the problem of Chinese named
entity recognition. In this research, we unify component tokens of named entity and
their contexts into a generalized role set, which is like part-of-speech (POS). The
probabilities of role emission and transition are acquired after machine learning on
a role-labeled data set, which is transformed from a hand-corrected corpus after
word segmentation and POS tagging are performed. Given an original string, role
Viterbi tagging is employed on tokens segmented in the initial process. Then
named entities are identified and classified through maximum matching on the best
role sequence. In addition, named entity recognition using role model is
incorporated along with the unified class-based bigram model for word
segmentation. Thus, named entity candidates can be further selected in the final
process of Chinese lexical analysis. Various evaluations conducted using one
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month of news from the People’s Daily and MET-2 data set demonstrate that the
role modeled can achieve competitive performance in Chinese named entity
recognition. We then survey the relationship between named entity recognition and
Chinese lexical analysis via experiments on a 1,105,611-word corpus using
comparative cases. It was found that: on one hand, Chinese named entity
recognition substantially contributes to the performance of lexical analysis; on the
other hand, the subsequent process of word segmentation greatly improves the
precision of Chinese named entity recognition. We have applied the role model to
named entity identification in our Chinese lexical analysis system, ICTCLAS,
which is free software and available at the Open Platform of Chinese NLP
(www.nlp.org.cn). ICTCLAS ranked first with 97.58% in word segmentation
precision in a recent official evaluation, which was held by the National 973
Fundamental Research Program of China.

Keywords: Chinese named entity recognition, word segmentation, role model,
ICTCLAS

1. Introduction

Named entities (NE) are broadly distributed in original texts from many domains, especially

politics, sports, and economics. NE can answer for us many questions like “who”, “where”,
“when”, “what”, “how much”, and “how long”. NE recognition (NER) is an essential process
widely required in natural language understanding and many other text-based applications,

such as question answering, information retrieval, and information extraction.

NER is aso an important subtask of the Multilingual Entity Task (MET), which was
established in the spring of 1996 and run in conjunction with the Message Understanding
Conference (MUC). The entities defined in MET are divided into three categories: entities
[organizations (ORG), persons (PER), locations (LOC)], times (dates and times), and
quantities (monetary values and percentages) [N.A.Chinchor, 1998]. Asfor NE in Chinese, we
further divide PER into two sub-classes. Chinese PER and transliterated PER on the basis of
their distinct features. Similarly, LOC is split into Chinese LOC and transliterated LOC. In
this work, we only focus on those more difficult but commonly used categories: PER, LOC
and ORG. Other NE such as times (TIME) and quantities (QUAN), in a border sense, can be
recognized simply via finite state automata.

Chinese NER has not been researched intensively till now, while English NER has
received much attention. Because of the inherent difference between the two languages,
Chinese NER is more complicated and difficult. Approaches that are successfully applied in
English cannot be simply extended to cope with the problems of Chinese NER. Unlike
Western languages such as English and Spanish, there are no delimiters to mark word
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boundaries and no explicit definitions of words in Chinese. Generally speaking, Chinese NER
has two sub-tasks: locating the string of NE and identifying its category. NER is an
intermediate step in Chinese word segmentation, and token sequences greatly influence the
process of NER. Take “#} 3 7 {& (pronunciation: “sun jia zheng zai gong zuo”) as an
example. “¥} 3 1" (Sun Jia-Zheng) in “*} % ~/7+/~ {&" (Sun Jia-Zheng is working) can be
recognized as a Chinese PER, and “7]%"” is also an ORG in “#}&/[~+/~ {&/"(The Sun
family is working). Here, “¥} % 1~7+" contains some ambiguous cases. “ ¥} % " (Sun
Jia-Zheng, a PER name), “#| %™ (the Sun family, an ORG name), and “T~7" (just now, a
common word). Such problems are caused by Chinese character strings without word
segmentation, and they are hard to solve in the process of NER. Sun et al. [2002] points out

that “Chinese NE identification and word segmentation are interactional in nature.”

In this paper, we present a unified statistical approach, namely, a role model, to
recognize Chinese NE. Here, roles are defined as some special token classes, including an NE
component and its neighboring and remote contexts. The probabilities of role emission and
transition in the NER model are trained on modified corpus, whose tags are converted from
POS to roles according to the definition. To some extent, roles are POS-like tags. As in POS
tagging, we can tag the global optimal role sequence to obtain tokens using the Viterbi
algorithm. NE candidates can be recognized through pattern matching on the role sequence,
not the original string or token sequence. NE candidates with credible probability are,
furthermore, added into a class-based bigram model for Chinese word segmentation. In the
generalized frame, any out-of-vocabulary NE is handled in the same way as known words
listed in the segmentation lexicon. And improper NE candidates are eliminated if they fail in
compete with other words, while correctly recognized NE are further confirmed in comparison
with other cases. Thus, Chinese word segmentation improves the precision of NER. Moreover,
NER using the role model optimizes the segmentation result, especially in unknown words
identification. A survey on the relationship between NER and word segmentation supports this
conclusion. NER evaluation was conducted on a large corpus from MET-2 and the People’s
Daily. The precisions of PER, LOC, ORG on the 1,105,611-word news corpus were 94.90%,
79.75% and 76.06%, respectively; and the recall rate were is 95.88%, 95.23% and 89.76%,
respectively.

This paper is organized as follows: Section 2 overviews problems in Chinese NER, and
the next section details our approach using the role model. The class-based segmentation
model integrated with NE candidates is described in Section 4. Section 5 presents a
comparison between the role model and previous works. An NER evaluation and survey of
segmentation and NER is reported in Section 6. The last section gives our conclusions.
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2. Problemsin Chinese NER

NE appear frequently in real texts. After surveying a Chinese news corpus with 7,198,387
words from the People’s Daily (Jan.1-Jun.30, 1998), we found that the percentage of NE was
10.58%. The distributions of various NE is given in Table 1.

Table 1. Distributions of NE in a Chinese news corpus from the People' s Daily
(Jan.1-Jun.30, 1998).

NE Frequency Percentage in NE (%) | Percentage in corpus (%)
Chinese PER 97,522 12.49 1.35
Trangliterated PER 24,219 3.10 0.34
PER 121,741 15.59 1.69
Chinese LOC 157,083 20.11 2.18
Tranditerated LOC 27,921 3.57 0.39
LOC 185,004 23.69 2.57
ORG 78,689 10.07 1.09
TIME 127,545 16.33 1.77
QUAN 268,063 34.43 3.72
Total 781,042 100.00 10.85

As mentioned above, Chinese sentences are made up of character strings, not word
sequences. A single sentence often has many different tokenizations. In order to reduce the
complexity and be more specific, it would be better to conduct NER on tokens after word
segmentation rather than on an original sentence. However, word segmentation cannot achieve
good performance without unknown word detection in the process of NER. Due to this a
problem, Chinese NER has special difficulties.

wt

Firstly, an NE component may be a known word inside the vocabulary; such as
[=1” (kingdom) in the PER “= [5/z&" (Wang Guo-Wei) or “®2f" (to associate) in the ORG “J*
Fi PR [11” (Beijing Legend Group). It's difficult to make decisions between common words
and parts of NE. As far as we know, this has not been considered previously. Thus, NE
containing known words are very likely to be missed in the final recognition results.

The second problem is ambiguity, and it is ailmost impossible to be solved only in NER.
Ambiguities in NER can be categorized into segmentation and classification ambiguities. “ ¥}
F 17—+~ (¥ (pronunciation: “sun jia zheng zai gong zuo™), presented in the Introduction, has
segmentation ambiguity: “#} % /7" (Sun Jia-Zheng is at ...) and “¥}Z%/1~7" (The Sun
family is doing something). Classification ambiguity means that an NE may be have one more
class even if its position in the string is properly located. For instance, in the sentence “ F’F Ity
Elffﬁﬁ gﬁgi’b’ " (The characteristic of Lv Liang is poverty), it is not difficult to detect the NE “ f |
#2"(Lv Liang). However, we cannot judge whether this NE is a Chinese PER name or a
Chinese LOC name while considering the single sentence without any additional information,
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Moreover, NE tends to stick to its neighboring contexts. There are also two types: head
components of NE binding with their left neighboring tokens and those tail binding with their
right tokens. This greatly increases the complexity of Chinese NER and word segmentation. In
Figure 1, “ {LJ%FJS'FL,EJ"(Netanyahu) in*“ph ﬁﬂj}i*ﬂ’*ﬁﬁuf'ﬁﬂﬁi" (pronunciation: “ke lin dun
dui nei tani ya hu shuo”) is a transliterated PER. However its left token “>}” (to) sticks to the
head component “|*|”(Inside) and forms a common word “>f[*|"(to on€’'s own side) ;
similarly, the tail component “ FL]EJ” (to) and right neighbor “ 1" (to say) become a common word,
“ﬁﬂ*}fﬁ" (nonsense). Therefore, the most possible segmentation result would  not be *Jfu i/
%j/[LJ%HJj'FﬁEJ/%;’:” (Clinton said to Netanyahu) but * ﬁﬂj‘[ﬂ/%ﬂ‘]/iﬁﬂ T'/Fﬁ*)ﬁ” (Clinton
points to his own side and Tanya talks nonsense.), and then not “ i‘JfﬁU f’ﬁﬂ" (Netanyahu) but
“%Fdf'” (Tanya) would be recognized as a PER. We can draw the conclusion that such a
problem not only reduces the recall rate of Chinese NER, but also influences the segmentation
of normal neighboring words like “»f"(to) and “#:"(to say). Appendix | provides more
Chinese PER cases that were extracted from our corpus.

- -

“Wﬂ (| e FTE\‘H}Q

\~ -
_________

1. Words within a solid square are tokens.

2. VJ%FJS’FL,EJ"(Netanyahu) inside the dashed ellipse is a PER, and its head and tail
stick to their neighbouring tokens.

3. Role mode for Chinese NER

Considering the problems encountered in NER, we will introduce a role model to unify all
possible NE and sentences. Our motivation is to classify similar tokens into some role
categories according to their linguistic features, to assign a corresponding role to each token
automatically, and to then perform NER based on the role sequence.

3.1 What AreRoles Like?

Given a sentence like “7=fdit » 77X A 2 Fﬁ* SR el F'J[HJ il ft phzFre H %fi??"(Kong
Quan said that President Jiang Ze-Min had invited President Bush while visiting the USA), the
tokenization result without considering NER would be “/§L/i%/ » /i* /ﬁ/ii/j fﬁ*/%E i

“ i% 7 (Jiang ZeMin) are Chinese PERs, while “3_ (USA) isan LOC and “ [ (" (Bush) is
atrandliterated PER.
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Figure 2a: Token sequence without detecting Chinese NE, which isin bold type
and italics.

(Kong Quan said that President Jiang Ze-Min had invited President Bush while visiting the
USA).

When we consider the generation of NE, we find that different tokens play different roles
in sentences. Here, the term “role” is referred to a generalized class of tokens with similar
functions in forming a NE and its context. For instance, “ ﬁﬁ (pronunciation: “zeng”) and
“4l (pronunciation: “zhang”) can both act as common Chinese surnames, while both “ %" (to
speak) and “= ?“J "(chairman) may be right neighboring tokens following PER names.
Relevant roles for the above example are explained in Figure 2b.

Tokens Role played in the token sequence

+~(pronunciation: “kong”);

. o Surname of Chinese NER
17 ( pronunciation: “jiang”)

J¢(pronunciation: “quan”) Given name with asingle Hanzi (Chinese
character)

¥ (pronunciation: “ze") Head character of 2-Hanzi given name

A (pronunciation: “min”) Tail character of 2-Hanzi given name

7j(pronunciation: “bu");

F (pronunciation: “shi”) Component of trandliterated PER

v (say), = /i (chairman), [1ZF(president) | Right neighboring token following PER

» (comma);” [fi] (toward) Left neighboring token in front of PER
F (USA) Component of LOC
i (visit) Left neighboring token in front of LOC
4" (period) Right neighboring token following LOC
£ & (thisyear); 7= ti(put forward); Remote context, which distance is more than
(have); #ifi(invite) one word. from NE

Figure 2b: Relevant roles of varioustokensin

CTCLELBY s T REINZ ?“/?,E"/i?B/%i/QEJ"E‘IJ/[FIJ/TH/H/,|§;L§5ﬁ/fé> LY
(Kong Quan said that Presi Aent Jiang Ze-Min had invited President Bush while visiting the
USA).

If NE isidentified in a sentence, it is easy to extract the roles listed above through simple
analysis on NE and other tokens. On the other hand, if we get the role sequence, can NE be
identified properly? The answer to this question is clearly yes. Take a token-role segment like
“4=| Surname ft/Given-name /context - /context 17 /Surname % /first component of
given-name =d/second component of given-name = rP"J/context” as an example. If we either

know that “J~ " (pronunciation: “jiang”) is a surname while “i%” (pronunciation: “ze") and “ £J”
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(pronunciation: “min”) are components of the given name, or if we know that “>”(comma) and
‘= ?‘*J" (chairman) are its left and right neighbours, then “Y7 3% *J”(Jiang Ze-Min) can be
identified as a PER. Similarly, “#~}¢”(Kong Quan) and “‘m (" (Bush) can be recognized as
PERs, and at the same time, “3” (an abbreviation of USA in Chinese) can be picked up as an
LOC..

In other words, the NER problem can be solved with the correct role sequence on tokens,
and many intricate character strings can be avoided. However, the question when applying the
role model to NER is. “How can we define roles and assign roles to the tokens
automatically?’

3.2 What Roles Are Defined?

To some extent, a role is POS-like, and a role set can be viewed as a token tag collection.
However, a POS tag is defined according to the part-of-speech of a word, while a role is
defined based purely on linguistic features from the point of view of the NER. Similarly, like a
POS tag, arole is a collection of similar tokens, and a token has one or more roles. In the
Chinese PER role set shown in Table 2a, the role SS includes almost 900 single-Hanzi
(Chinese character) surnames and 60 double-Hanzi surnames. Meanwhile, the token
“ ﬁ"(pronuncialion “ceng” or “zeng”) can play role SS in the sequence “ 7@;%/ T (Ms.
Zeng Fei),play role GSin “ iE'{»ﬁ/?ll’ﬂ/ﬁ’(Reporter Tang Shi-Ceng), play role NF in “FL[EJ%}
Eﬁmzﬁfiﬁiﬂ (Hu Jin-Tao has surveyed Xi Bai Po), and also play some other roles.

If the size of arole set is too large, NER will suffer severely from the problem of data
sparseness. Therefore, we do not attempt to set up a general role set for all NE categories. In
order to reduce complexity, we build a specific role model using its own role set for each NE
category. In another words, we apply the role model to PER, LOC, and ORG, respectively.
Their role models are customized and trained individually. Finally, different recognized NE is
all added into our unified class-based segmentation frame, which selects the global optimal
result among all possible candidates.

Therole set for Chinese PER, Chinese LOC, ORG, trandliterated PER, and transliterated
LOC are defined in Table 2a, Table 2b, Table 2c, Table 2d, and Table 2e, respectively.
Considering the possible segmentation ambiguity mentioned in Section 2, we introduce some
special roles, such as LH and TR, in Chinese PER. Such roles indicate that the token should be
split into two halves before NER. Such a policy can improve NER recall. The process will be
demonstrated in detail in the following section.

For the sake of clarity and to avoid loss of generality, we will focus our discussion
mainly on Chinese PER entities. The problems and techniques discussed below are applicable
to other entities.
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Roles Significance Examples

SS Surname, FFIFTE (Ouyang Xiu)

GH Head component of 2-character o ﬁj‘ /7% (Mr. Zhang Hua-Ping)
given name
Tail component of 2-character N E: o

GT given name %&/ﬁ [ [H2 % (Mr. Zhang Hua-Ping)
Given name with a single Chinese R .

GS character F[/57%/ I (Ms. Zeng Fel)

PR Prefix in the name HY(Old Liu) ~ /% (Little Li)

SuU = /il (President Wang) - / % (Ms Zeng)

B
NI Neighboring token in front of NE FT RIS

(Cometo Yu Hong-Yang's house)

NF Neighboring token following NE

gaﬂ_rrir/w:lg/ N
(Photograghed by Huang Wen from the
Xinhua News Agency)

NB Tokens between two NE.

ET FFhJ/%{ SRR fz/ﬁﬁ/ﬁ/ﬂ JRiX
(Editor Shao Jun-Lin and Ji Dao-Qin said)

Words formed by its left neighbor

%}H/ﬁ Jh"J/g/%/ il el

listed above.

LH and head of NE. (Current chair isHe Lu-Li.) * “isHe" i
Chinese forms word “why”
. . 21T ET
TR \rll\g;]rtd ﬁ;(gr:gz?' by tail of NE and its (Gong Xue—PDing and other leaders) * “Ping
and other” forms the word “equality”
WH Words formed by surnameand GH | = /#£% (Wang Guo-Wei) * “Wang Guo ™ in
(Listinitem 2) Chinese forms word “kingdom”
WS Words_ fo_rm_ed by a surname and /Egy!/%( Gao Feng) *“Gao Feng” in Chinese
GS(Listinitem 3) forms the word “high ridge”
WG | Words formed by GH and GT 5 (Zhang Zhao—YaTq) - Zhao"—Yanq" in
Chinese forms the term “rising sun
RC Remote context, except for roles B S S EEAEANVELT 1 [(The whole

nation memorialized Mr. Deng Xiao-Ping)

Table 2b. Role set for Chinese LOC.

Roles Significance Examples

LH Location head component 2/ 1= 1 =1 (Shi He Zi Village)

LM L ocation middle component T/ r1=" 1=/ (Shi He Zi Village)

LT Location tail component TN 1= 1= (Shi He Zi Village)

SU Y& fjE-p7(Hai Dian digtrict)

NI Neighboring token in front of NE 512 2 1=1FI(1 came to Zong Guan

Garden.)

NF Neighboring token following NE

WAPPE A 75 I
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VIF A AT BT 12T (Liu Jiavillage and

above.

NB Tokens between two NE i - . . :
XiaAn village are neighboring villages.)
RC Remote context, except roleslisted | Y/ 5! RLIZS1 49 #%(Bo Yang county  is

my home)

Table 2c. Role set for ORG.

Roles Significance Examples
. Pl 5 581 £777/(China Central
TO | Tail component of ORG Broadcasting Sa'%’r%)é
o] A B Z e i

OO | Other component of ORG M/;{/ﬂ | 77 1/(China Central
Broadcasting Station)

NI Neighboring token in front of NE AR RS~ XN j%ﬁ/ﬁr /(via China
Central Broadcasting Statlon)

NE Neighboring token following NE IEN Ik fF (£ 1 (China Central TV
Station is run by the state)
PRSI BRI AL TR /(China

NB Tokens between two NE. Central Broadcasti ng Station and CCEI'

RC Remote context, except for the roles | 1998 =/ X 1. V/~=I(At the forthcoming of the

listed above. year of 1998)

Table 2d. Role set for trandliterated PER.

Roles Significance Examples
TH Headi_ng component of FLJ/F VEageak /‘I“/ (“ni” in “Nicolas Cage”)
trandliterated PER
™ Middle component of transliterated R - 120 (“colas cal in*Nicolas
PER FL fl
Cage”)
T Tail component of trandliterated
PER g B (ge” in “Nicolas Cage’)
NI Neighboring token in front of NE e /Lé/ R - IRETER [ (meet)
NF Neighboring token following NE SN ] - /ﬁ/ﬁ/‘r}{&/%ﬂ (figure)
NB Tokens between two NE. ERY Loy [ T hLI LT S (and)
SR RVE / ST R (YT
isatail component of atranditerated PER,
TS Tokens needed split and “Gao” or “highly” is aneighboring token;
7, or “Ti Gao” forms a common word:
“enhance”.)
RC Remote context, except for the roles g'/ﬁ/&/i Tkl £y adversity) X
listed above. (couple)
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Table 2e. Role set for Transliterated LOC.

Roles Significance Examples

TH Heading component of /7;’#‘” | Sv(“Ka' in Kabul)
trandliterated LOC

™ Middle component of transliterated | [i% [7/?«’( “Bu” in Kabul)
LOC

TT Tail component of trandliterated p?,’ﬂ | S in Kabul)
LOC

NI Neighboring token in front of NE ZRA (arrive) [T Y

NF Neighboring token following NE 17, 2~ (locate)

NB | Tokens between two NE. [& 7))~ A and)r A5

3.3 Rolecorpus

Since arole is self-defined and very different from a POS or other tag set, there is no special
corpus that meets our requirement. How can we prepare the role corpus and extract role
statistical information from it? Our strategy is to modify an available corpus by converting the
POS tags to roles automatically.

We use a six-month news corpus from the People's Daily. It was all manually checked
after word segmentation and POS tagging were performed. The work was done at the Institute
of Computational Linguistics, Peking University (PKU). It is a high-quality corpus and widely
used for Chinese language processing. The POS standard used in the corpus is defined in PKU,
and we call it the PKU-POS set. Figure 3a shows a segment of our corpus labelled PKU-POS.
Though PKU-POS is refined, it is implicit and not large enough for Chinese NER. In Figure
33, the Chinese PER “ ?L[ #=f[1” (Huang Zhen-Zhong) is split into the surname® ?L[ ”(Huang) and
given name" #=f[ 1" (Zhen-Zhong), but both of them are assigned the same tag, “nr”. In addition,
there are no tags to distinguish transliterated PERs or LOCs from Chinese ones. Moreover,
some NE abbreviations are not tagged with the right NE category, but with an abbreviation
label, “j”. Here, “}&” (abbreviation for “}&jf"” or “Huai He River”) is a Chinese LOC and
should be tagged with the location |abel “ns’.

Based on the PKU-POS, we made some modifications and added some finer labels for
Chinese NE. Then, we built up our own modified POS set called ICTPOS (Institute of
Computing Technology, part-of-speech set). In ICTPOS, we used the label “nf” to tag a
surname and the label “nl” to tag a given name. In addition, we also separated each
transliterated PER and transliterated LOC from each “nr” (PER) and “ns’(LOC), and tagged
them with “tr” and “ts’, respectively. In the final step, we replaced each ambiguous label “j”
with its NE category. Besides the NE changes, labels for different punctuations were added,
too. The final version of ICTPOS contains 99 POS tags, and it is more useful for the NER task.

Also, the modified corpus with ICTPOS labels is better in terms of quality after hand
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correcting. Figure 3b shows the equivalent segment with ICTPOS.

Next, we converted our corpus labelled with ICTPOS into a role corpus. The conversion
procedure included the following steps:

(1) Extract the sequence of words and their POS.

(2) According to the POS, locate the particular NE category under consideration. Here,
we only locate words labelled ‘nf’ or ‘nl” when considering Chinese PER.

(3) Convert the POS of the NE's components, their neighbours, and remote contexts
into corresponding roles in that role set of the particular category.

Figures 3c and 3d show the corresponding training data after label conversion from
ICTPOS tags to roles of Chinese PER and Chinese LOC, respectively. What we should point
out is that the PER role corpus is totally different from the LOC corpus and other ones. For
instance, the first pronoun word “7 1" (this newspaper) in the PER role corpus is just a
remote context, while it is a left neighboring context before “ if:1£1” (Feng Pu) when LOC roles
are applied. Though we use the same symbol “NI” to tag NE left neighboring tokens in both
Figures 3c and 3d, it has different meanings. The first is for Chinese PER left tokens, and the
other is for LOC. In a word, each NE category has its own role definition, its own training
corpus, and its own role parameters though they all make use of the role model.

19980101-02-009-002/m 4 4f/r ddfns 15[/t 1[It fin wEin Far $R
Fitinr - ~/w  Fiinr - $Ji&/nr v iw P ft pulu Fifh/n MM @szpﬁj
N olwe Timo Ellg JEF/ns B3k Fin fiw iG/p &G T n yEye
Tpin Sy v BEVIV o w1558 Uilu/n 40%/m I+
> lwe JEJRF/ns $F",/v 2INg 57— Im Fﬁ&f&/n f[ﬁt/v o Jw

Figure 3a: A segment of a corpus labeled with PKU-POS.

(Trangdlation: 19980101-02-009-002 Jan. 1, reporters Huang Zhen-Zhong and Bai Jian-Feng
from Feng Pu reporting: Since the bell for the New Year just rang, good news spread over the
thousands miles Huai He river. The pollution source from industry near the Huai River
achieved the standard with reducing pollution by over 40%. The first step in Huai River
decontamination has been accomplished.)
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19980101-02-009-002/m  # fjy/r dfifi/ns 15[/t 1 EUt [Tn ilg/n ?j/nf
=l ~/we  Fiinf  $ig/n| Tﬁiﬁ/v dwe  FrE o pufup o Hifh/no [MIMd fé}f
v > /we T/m El/q ¥E&F/ns fEk/iv Fin i /we Jh/p E/Mms T n
SRR Y2 S BRI 0 fwe fillRdIv TSRV Uilf%/n 4 0%/m
FIHE > lwe 3%3Fl’/ns ?F'}/v ¥%I/Ng 27— /m Eﬁ‘}?&/n f’u%_/v o fwe

Figure 3b: The segment from our corpus labeled with our modified POS.

19980101-02-009-002/RC 4 {§/RC FE/RC 1 F[/RC 1 [I/RC [1/RC Y
INI Fi/SS FGH HIGT ~/NM FI/SS $JIGH #/GT IRSENF :/RC #+
#IRC [UIRC HIIRC MIMIRC BHE/RC  /RC ¥ /RC EIRC Eif/RC
£3k/RC FWRC :/RC Jj/RC JERC 7 IRC {5Y4RIRC ZJURC 1=
IRC #HIRC IRC fjI#/RC {5%4RC [jifit/RC 4 09%/RC I'| HRC »/RC
JEIF/RC Hf/RC {SIRC 37~ IRC [HIE/RC £H#/RC < IRC

Figure 3c: The corresponding corpus labeled with Chinese PER roles.

19980101-02-009-002/RC  #3{/NI df/LH #LT 1%]/NF 1[I/RC F1/RC i
HIRC FIRC XURC ~/RC [IRC #i#/RC {HIE/RC :/RC Fi##/RC iU
/IRC #if/IRC [MIMIRC fsy/RC - /RC T/RC EUNI J&/LH JFILT f&3%k
INF #iRC :/RC /NI JE/ILH T :I/NF §5¥9F/RC SLFURC 55/RC
PAYIRC - /RC f[i#/RC [5%4RC [[if#/RC 4 0%/RC ['|/RC -+ /NI &
ILHIFILT 3E/NFYS/RC 53~ IRCSIEIRC Fif/RC - RC

Figure 3d: The corresponding corpus labeled with Chinese LOC roles.

3.4 Roletagging using the Viterbi Algorithm

Next, we prepared the role set and role corpus. Then, we could return to the key problem

described in Section 3.1. That is. Given a token sequence, how can we tag a proper role

seguence automatically?

Similar to POS tagging, we use the Viterbi algorithm [Rabiner and Juang, 1989] to select
a global optimal role result from all the role sequences. The methodology and its calculation
are given below:

Suppose that T is the token sequence after tokenization, R is the role sequence for T, and
R" is the best choice with the maximum probability. That is,

Tz(tl, tz, ,tm),

R=(ry, 1y, ..., I'm), m>0,

R*=argmax P(R|T) El
R
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According to the Bayes' Theorem, we can get

P(RIT)=P(R)P(T|R)/P(T) E2

For a particular token sequence, P(T) is a constant. Therefore, we can get E3 based on E1
and E2:

R*=argmax P(R)P(T|R) E3

We mayR consider T as the observation sequence and R as the state sequence hidden

behind the observation. Next we use the Hidden Markov Model [Rabiner and Juang, 1986] to
tackle atypical prot;lﬁam:

P(R) P(TIR)= IT p(tj |rj) p(rj [rj—1) , where rq is the beginning of a sentence;

, I=1m
~.R=argmax IT p(ti 1) P I1i-1) E4
i=1

For convenience, we often use the negative log probability instead of the proper form.
That is,

m

R#=arg;nin _Zi—ln p(ti [ri) = Inp(r [ri—1)} E5

|=

Finally, role tagging is done by as solving E5 using Viterbi algorithm.

Next, we will use the sentence “ g~ £, " (Zhang Hua-Ping is waiting for you) to
explain the global optimal selection process. After tokenization is performed using any
approach, the most probable token sequence will be “gk/ ﬁ" [ =%, 1™ ", Here,
“Z"( pronunciation “ping”) is separated from the PER name “3%{~ " (Zhang Hua-Ping) and
forms a token “ =™ (equality) while it sticksto “=™( pronunciation “deng”). In Figure 4,
we illustrate the process of role tagging with Viterbi selection on tokens sequence “ %{i/if/j‘
1,17 . Here, the best role result R is “4/SS ﬁ"/GH T ZITR #,/RC */RC" based on

Vitebi selection.
:/NI,9.71

-logP(SS|SS)

#/NI,5.88

Figure 4: Role selection using the Viterbi algorithm.

:/NF,10.18

Ifﬁ\’/RC,65.60

END
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Notes:
1. The data shown in each square are organized as follows: Token t; /roler;, -logP(t; | r;).
2. The value on the directed edges in the figure is —ogP(r; | r;.1). Here, we do not paint all
the possible edges for simplicity.
3. The double-edged squares are the best choices after Viterbi selection.

3.5 Training the Role model

InE5, p(t, |r,) isthe emission probability of token t; given its role r;, while p(r; |1,_;)
is the role transitive probability from the previous role r;.; to the current one r;. They are
estimated with maximum likelihood as follows:

p(t; | ;) =C(ti,r)/C(r) E6
, Where C(t;, r;) isthe count of tokent; with roler;, and C(r;) is the count of roler;;
p(r; | i) =C(ri-,ri)/C(ri.a) E7

, Where C(r;.1,I;) isthe count of roler;; followed by roler;.

C(t;, r;), C(r;) and C(r;.1,r;) can be easily calculated based on our roles corpus during the
process of role model training. In Figure 3c, C(* ?ZI ",89), C(“[1”,SS), C(SS) ,C(NI, SS) and
C(NM,SS) are 1,1,2,1 and 1, respectively.

3.6 The probability that an NE isrecognized correctly

A recognized NE may be correct or incorrect. The result is uncertain and it is essential to
quantify the uncertainty with a reliable probability measure. The probability that an NE is
recognized correctly is the essential basis for our further processing, such as improving the
performance of NER by filtering some results with lower probability. Suppose N is the NE,
and that its type is T. N consists of the token sequence (t; ti+1 .... ti+), and its roles are (r;
(i1 oo Tisk)- TEen, we can estimate thl? possihility as follows:

PINIT)= TT p(ti+j [Titj)x IT P(rigj Irigj-1) E8

j=0 j=1

For the previous Chinese PER “ %{’mﬁ"‘i‘" " (Zhang Hua-Ping), we can compute P(%{’:ir'i‘"

|Chinese PER) using the following equation:

P(347" |Chinese PER)=p(SSINI)xP(#:4SS)xp(GHISS)xp(1” IGH)xp(GTIGH)xp(-* [GT).

3.7 TheWork Flow of Chinese NER

After the role model is trained, Chinese NE can be recognized in an original sentence through
the steps listed below:



Chinese Named Entity Recognition Using Role Model

(1) Tokenization on a sentence. In our work, we use a tokenization method called the
“Model of Chinese Word Rough Segmentation Based on N-Shortest-Paths Method”
[Zhang and Liu, 2002]. It aims to produce the top N results as required and to enhance
the recall rates of right tokens.

(2) Tag token sequences with roles using the Viterbi algorithm. Get the role sequence R*
with the maximum possibility.

(3) In R, split the tokens whose roles are “LH” or “TR”. These roles indicate that the
internal components stick to their contexts. Suppose R’ is the final role sequence.

(4) NE recognized after maximum matching on R* with the particular NE templates.
Templates of Chinese PER are shown in Table 3.

(5) Computing the possibilities of NE candidates using formula E8.
Table 3. Chinese PER Templates

No Roles Templates Examples
AR R 2 e SY/SS [RISSTNIGH % /GT
R SR = A= 7 1/eh s
1 SSHSSt GHE GT fCounciI chair FanrﬁXu Li-tai) T

P/SS [FIGH T /GT %%/

+
2 SSt GH+ GT (Mr. Zhang Hua-Ping)

TISSTHGS . /*
[ B4
3 SS+GS fZeng fei expressed...)
FRI/SSEIF/WG
4 SS+WG (Zhang Zhao-Yang; Zhao-yang is a common word

meaning “morning sun” in English)

£ = /WG [F[@“/* I T:,Ijﬁl sk /*
5 WG (Bao-Yu went back to Yi-)f iang yard, Bao-Yuisa
common word meaning “Jade” in English)

SIGH I JGT A4 /*

6 GH+GT (Mr. Hua-Ping)

1 . 2~ 1} . .
7 | PR+SS #/ PRV[/SS(OId Liu); [-/PR % /SS(Little Li)

Note: “*” in the examples indicates any role.

We will continue our demonstration with the previous example “ %{’mﬁ"‘i‘" FF 0 After
Viterbi tagging, its optimal role sequence R” is “3k/SS ﬁ"/GH I EITR %,/RC ©/RC". The
role “RC” forces us to split the token “I %™ (equality) into two parts: “~ " (pronunciation:
“ping”) and “=™ (etc.). Then, the modified role result R will be “#k/SS if’/GH 7 |GT ZINF
#/RC //RC". Through maximum pattern matching using the Chinese PER patterns listed in
Table 3, we find that the second template “SS+ GH+ GT” can be applied. Therefore, the token
sequence “ %{i/SSﬁ”/GH I JGT” islocated, and the string “ 3t " is recognized as a common
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Chinese PER name.

4. Class-based Segmentation Model Integrated into NER

In section 3-2, we emphasized that each NE category uses an independent role model. Each
NE candidate is the global optimum result in its role model. However, it has not competed
with other models, and all the different models have not been combined together. One problem
is as follows: If a word is recognized as a location name by the LOC role model, and as an
ORG, PER or even a common word by another, which one should we choose in the end?
Another problem is as follows: Although Chinese NER using role models can achieve higher
recall rates than previous approaches (the recall rate of Chinese PER is nearly 100%), the
precision result is not satisfactory because some NE candidates are common words or belong
to other categories.

Here, we use a class-based word segmentation model that is integrated into NER. In the
generalized segmentation frame, NE candidates from various role models can compete with
common words and themselves.

Given aword w;, aword class ¢; is defined as shown in Figure 5a. Suppose |LEX] is the
lexicon size; then, the size of the word classes is |LEX[*+9. In Figure 5b, we show the
corresponding class sample based on Figure 3b.

W if w; islisted in the segmentation lexicon;
Chinese PER if wi isan unlisted” Chinese PER;
Trandliterated PER if w; isan unlisted trandliterated PER;
Chinese LOC if wi isan unlisted Chinese LOC;

TIME if w; isan unlisted time expression;
G= QUAN if w; is an unlisted numeric expression;
STR if wi isan unlisted symbol string;
BEG if w; is beginning of a sentence
END if w; isending of a sentence
\. OTHER otherwise.

" “unlisted” means outside the segmentation lexicon.

Figure 5a: Class Definition of word w;
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[QUAN] % {iy/r [Chinese LOC] [TIME] [TIME] [1/n i/ /n[Chinese PER] - /we
[Chinese PER] {ig3fiiv @ /we ¥/t fu/p  Hifi/n KMIK/d ﬁ;}k]il{ﬁjlv v lwe
/m Ellg [ChineseLOC] {£3k/v Hi4/n :/we I/p [ChineseLOC] = :I'/n
SRR A S PEIv o fwe [l S35 ﬁ]ﬁ’/n [QUAN]/m
') =if > /we [Chinese LOC] ?F'}/v ¥%INg 57— /m ﬁ‘%f&/n f’u%_/v o Jwe

Figure 5b: The corresponding class corpus.

Let W be the word sequence, let C be its class sequence, and let W* be the segmentation
result with the maximum likelihood. Then, we can get a class-based word segmentation model
integrated into unknown Chinese NE. That is,

W*=argmax P(W)
W
=argmax P(W|C)P(C).
W
After introducing re}] class-based bigram model, we can get

W* = argmax ] p'(w |c)p(cj [Cj_1) , where ¢, is the begin of a sentence E9
w,w,..w, i=1
Based on the class definition, we can compute p’ (w;|c;) using the following formula:

estimated using E8; if w; is an unknown Chinese NE

P’ (wilc) = )
1; otherwise

Another factor p(cci.;) in E9 indicates the transitive probability from one class to
another. It can be extracted from corpus as shown in Figure 5b. The training of word classesis
similar that of role models, thus we skip the detail.

If there are no unknown Chinese NE, the class approach will back off to a word-based
language model. All in all, the class-based approach is an extension of the word-based
language model. One difference is that class-based segmentation covers unknown NE besides
common words. With this strategy, it not only the segmentation performance, but also the
precision of Chinese NER isimproved. For the sentence “ %{iﬁ“j‘ Z7F, % shown in Figure 6,
both %{iif’" and ¢ %{iﬁ"ﬂ‘ " can be identified as Chinese PERs. It is very difficult to make
decision between the two candidates solely in NER. In our work, we do not attempt to make
such a choice in a earlier step; we add the two possible NE candidates to the class-based
segmentation model. When the ambiguous candidates compete with each other in the unified
frame, the segmentation result “gk{= /275, /2 will defeat “ %{iﬁ"/ﬂ‘ =%,/ because of its
much higher probability.
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P(EE ™)

p (7% PER) p' (3547 PER)

Figure 6:Demonstration of segmentation on “ ij{f"ﬂ‘gfg 5" using the
class-based approach.

Note: “ %{'xifi“ " (Zhang Hua-Ping) and “ %{ir" are NE candidates from role models.

5. Comparison with Previous Works

Since MET came into existence, NER has received increasing attention, especially in research
on written and spoken English. Some systems have been put into practice. The approaches
tend to involve statistics mixed with rules, such as the hidden Markov model (HMM), the
expectation maximum, transformation-based learning, etc. [Zhou and Su, 2002; Bikel et al.
1997; Borthwick et al. 1999 ]. Besides making use of a corpus with labels, Andrei et al. [1999]
proposed another statistical method without Gazetteers.

Historically, much work has been done on Chinese NER, but the research is dtill in its
early stages. Previous solutions can be broadly categorized into rule-based approaches [Luo,
2001; Ji, 2001; Song, 1993; Tan, 1999], statistics-based ones [Zhang et al. 2002; Sun et al.
2002; Sun, 1993] and approaches that are a combination of both [Ye, 2002, Lv et al. 2001].
Compared with our approach using the role model, previous works have some disadvantages.
First of all, many researchers used handcrafted rules, which are mostly summarized by
linguists through painful study on large corpuses and huge NE libraries [Luo, 2001]. Thisis
time-consuming, expensive and inflexible. The NE categories are diverse, and the number of
words for each category is huge. With the rapid development of the Internet, this situation is
becoming more and more serious. Therefore, it is very difficult to summarize simple yet
thorough rules for NE components and contexts. However, in the role model, the mapping
from roles to entities is done based on by simple rules. Secondly, the recognition process in
previous approaches could not be activated until some “indicator” tokens were scanned in. For
instance, possible surnames or titles often trigger personal name recognition on the following
2 or more characters. In the case of place name recognition, postfixes such as “=!”(county)
and “ ﬁ 1" (city) activate recognition on previous characters. Furthermore, this trigger
mechanism cannot resolve the ambiguity. For example, the unknown word “ 44 !|" (Fang
Lin Shan) may be a personal name, “#/#|!|"(Fang Linshan), or a place name, “#f/
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[']”(Fanglin Mountain). What's more, previous approaches tended to work only on
monosyllabic tokens, which are obvious fragments after tokenization [Luo, 2001; Lv et al.
2001]. This risks losing those NE that lack explicit features. On the other hand, the role
model tries to select possible NE candidates based on the whole token sequence and then
select the most promising ones using Viterbi tagging. Last but not least, to the best of our
knowledge, some statistical works only focus on the frequency of characters or tokens in NE
and their common contexts. Thus, it is harder to compute a reliable probability for a
recognized NE. Unlike the role-based approach, previous works could not satisfy other
requirements, such as NE candidate filtering and statistical lexical analysis.

In one sense, BBN' s name finder IdentiFinder [F. Kubala et al. 1998] is very close to our
role model. Both the role model and IdentiFinder extract NE using a hidden Markov Model,
which is also trained on a corpus. In addition, the authors claim that it can perform NER in
multilingual languages, including Chinese. Now, we will explain how IdentiFinder and the
role model differ.

(1) ldentiFinder uses general name-classes, which include all kinds of NE and
Not-A-Names, while we build a different instance for each NE category with the
same role model. As explained in Section 3, a general name-class will suffer from
data sparseness. The role model does not require a large-scale corpus because we
can transform the same corpuses into different role corpus, from which role
probabilities can be extracted.

(2) ldentiFinder is applied to token sequences, but Chinese sentences are made up of
character strings. It is impossible to apply the name-class HMM to Chinese original
texts. Even if it is applied after tokenization, there is no more consideration on
unification between tokenization and NER. Here, tokenization becomes an
independent preprocessing step for Chinese NER.

(3) The name-classes used in IdentiFinder seem too simple for Chinese, a complicated
language. ldentiFinder has only 10 classes: PER, ORG, five other named entities,
Not-A-Name, start-of-sentences and end-of sentence. However, just for PER
recognition, we use 16 roles to differentiate various tokens, such as component, left
and right neighboring contexts and other helpful ones. Actually, they boost the
recall rate of Chinese NER.

All in al, ldentiFinder have the similar motivation as we described here, and it
successfully solves the problem of English NER. Nevertheless, much work must still be done
to extend its approach to Chinese NER.
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6. Experiments and Discussion

6.1 Evaluation Metric

As is commonly done, we conducted experiments on precision (P), recall (R) and the
F-measure (F). The last term, F, is defined as a weighted combination of precision and recall.
That is,
p= humber of correctly recognized NE E10
number of recognized NE
number of correctly recognized NE
number of all NE

F:RxPx(1+,82) E12
R+Pxﬂ2

R= E1l

In E12, B isthe relative weight of precision and recall. Here, Supposed that precision and
recall are equally weighted, and we assign 1 to 3, namely F-1 value.

In order to compare with other evaluation results, we only provide the result of
PER(including Chinese PER and transliterated PER) and LOC (including Chinese LOC and
trangliterated LOC) although Chinese NE and trandliterated ones are recognized with the
different instances of role model.

6.2 Training Data Set

As far as we known, the traditional evaluation approach isto prepare a collection of sentences
that include some special NE and to then perform NER on the collection. Those sentences that
do not contain specific NE are not considered. In our experiments, we used a realistic corpus
and did no filtering. The precision rates we obtained may be lower than but closer to the
realistic linguistic environment than those obtained in previous tests.

We used the news corpus from January as the test data with 1,105,611 words and used
the other five months as the training set. The ratio between the training and testing data was
about 5:1. The testing corpus was obtained from the homepage of the Institute of
Computational Linguistics at www.icl.pku.edu.cn at no cost since it was for non-commercial
use. In the training of the role model, we did not used any heuristic information (such as the
length of name, the particular features of characters used, etc.) or special NE libraries, such as
person name collections or location suffix collections. It was purely a statistical process.

6.3 NER Evaluation Experiments

In a broad sense, automatic recognition of known Chinese NE depends more on the lexicon
than on the NER approach. If the size of the NE collection in the segmentation lexicon is large
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enough, Chinese NER will back to the problems of word segmentation and disambiguation.
Undoubtedly, it is easier than a pure NER. Therefore, evaluation of unlisted NE, which is
outside the lexicon, can reflect the actual performance of NER method. It approach will be
more objective, informative and useful. Here, we will report our results both for unlisted and
listed NE. In order to evaluate the function of class-based segmentation, we also give some
contrast testing. We conducted the five NER eval uation experiments listed in Table 4.

Table 4. Different evaluation experiments.

ID Testing Set Unlisted” NE or listed ones? Class-based segmentation
applied?
Expl | PKU corpus Considering only unlisted NE No
Exp2 | PKU corpus Both No
Exp3 | PKU corpus Considering only unlisted NE Yes
Exp4 | PKU corpus Both Yes
Exp5 | MET2 testing data Considering only unlisted NE Yes

" “Unlisted” means outside the segmentation lexicon
The PKU corpus is January 1998 news from the People’s Daily.
6.3.1 Expl: individual NER conducted on unlisted names using a specific
role model

Expl includes 3 sub-experiments. personal name recognition with the PER role model, LOC
recognition with its own model, and ORG. In Expl, we evaluate the performance only on
unlisted NE. The performance achieved is reported in Table 5.

Table 5. Performance achieved in Expl.

NE Total Num | Recognized Correct P (%) R (%) F (%)
PER 17,051 29,991 15,880 56.85 93.13 70.61
LOC 4,903 12,711 3,538 27.83 72.16 51.84
ORG 9,065 9,832 6,125 62.30 67.58 64.83

6.3.2 Exp2: Individual NER conducted on all names using a specific role
model

The only differences between Expl and Exp2 were that Exp2 ignored the segmentation

lexicon, and that the performance in Exp2 is evaluated on both unlisted and listed NE.

Comparing Table 5 and Table 6, we find that the NER results were better when listed NE were

added. We can also draw the conclusion that location items in the lexicon contribute more to

L OC recognition than to the LOC role model.
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Table 6. Performance achieved in Exp2.

NE Total Num | Recognized Correct P (%) R (%) F (%)
PER 19,556 32,406 18,915 58.37 96.72 72.80
LOC 22,476 30,239 22,366 67.54 99.51 80.55
ORG 10,811 11,483 7,776 67.72 71.93 69.77

6.3.3 Exp3 and Exp4: Introducing Class-based Segmentation M odel

Expl and Exp2 are conducted on PER, LOC and ORG candidates with their individual role
models. They were not integrated into a complete frame. In Exp3 and Exp4, we used the
class-based segmentation model to further filter all the NE candidates. As we explained in the
Section 4, common words and recognized NE from various role models could be added to the
class-based segmentation model. After they competed with each other, either the optimal
segmentation or the NER result would be selected. From Table 7, it can be concluded that the
word segmentation model greatly improved the performance of Chinese NER.

We also found an interesting phenomenon in that unlisted PER recognition was a little
better than recognition of all personal names. The main reason was that unlisted PER
recognition could achieve a good recall rate, but some listed PERs could not be recalled
because of ambiguity. For instance, “J7 ¥ = 4k...” (Jiang Ze-Min proposed ..) would
produce the wrong tokenization result  “37 /4%/= = /9K” while the role model failed because
“Y7 3% 57 (Jiang Ze-Min) was listed in the segmentation lexicon. On the other hand, if “J7 %
J”(Jiang Ze-Min) was not listed in the core lexicon, then ““J= " (democracy) would be
tagged with role “TR”, and the token would be split before recognition. We provide more
examplesin Appendix II.

Table 7. Performance achieved in Exp3 and Exp4.

NE Unlisted NE in Exp3 All NE in Exp4
P (%) R (%) F (%) P (%) R (%) F (%)
PER 95.18 96.50 95.84 95.49 95.66 95.57
LOC 71.83 74.67 73.23 92.64 95.38 93.99
ORG 66.06 81.76 73.08 75.83 88.39 81.63

6.3.4 Exp5: Evaluation of the MET2 Data

We conducted an evaluation experiment, Exp5, on the MET2 test data. The results for unlisted
NE are shown in Table 8. Compared with the PKU standard, the MET2 data have some slight
differences in terms of NE definitions. For example, in the PKU corpus, “ ;E'Hfﬁf” (Xinhua
News Agency) is not treated as an ORG but as an abbreviation. “jf1fL " /< Jf[ 1" (Jiu
Quan Satellite Emission Center) is viewed as an LOC in MET-2, but as an ORG according to
our definition. Therefore, the performance of NER for MET2 was not as good as that for the
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PKU corpus.
Table 8. Performance achieved in Exp 5.
NE Total Recognized Correct P (%) R (%) F (%)
Num
PER 162 231 150 64.94 92.59 76.34
LOC 751 882 661 74.94 88.02 80.96
ORG 378 366 313 85.52 82.80 | 84.14

6.4 A survey of on the relationship between NER and Chinese lexical
analysis

A good tokenization or lexical analysis approach provides a specific basis for role tagging;
meanwhile, correctly recognized NE will modify the token sequence and improve the
performance of the Chinese lexical analyser.

Next, we will survey the relationship between NER and Chinese lexical analysis based
on agroup of contrast experiments. On a 4MB news corpus, we conducted four experiments:

1) BASE: Chinese lexical analysis without any NER;

2) +PER: Adding the PER role model to BASE;

3) +LOC: Adding the LOC role model to +PER;

4) +ORG: Adding the ORG role model to +LOC.

Table 9. A survey of on the relationship between NER and Chinese lexical analysis.

CASE | PERF-1(%) | LOCF-1(%) | ORGF-1(%) | SEG | TAGL(%) TAG2(%)
BASE 27.86 83.67 51.13 96.55 93.92 91.72
+PER 95.40 83.84 53.14 97.96 95.34 93.09
+LOC 95.50 85.50 52.76 98.05 95.44 93.18
+ORG 95.57 93.99 81.63 98.38 95.76 93.52
Note:
1) PER F-1: F-1 rate of PER recognition;
LOC F-1: F-1 rate of LOC recognition;
ORG F-1: F-1 rate of ORG recognition;
2) SEG=#of correctly segmented words/ #of words;
3) TAG1=#of correctly tagged 24-tag POS/#of words;
4) TAG2=#of correctly tagged 48-tag finer POS/#of words.

Table 9 shows the performance achieved in the four experiments. Based on these results,
we draw the following conclusions:

Firstly, each role model contributes to Chinese lexical analysis. For instance, SEG
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increases from 96.55% to 97.96% after the PER role model is added. If all the role models are
integrated, ICTCLAS achieves 98.38% SEG, 95.76% TAGL, and 93.52% TAG2.

Secondly, the preceding role model benefits from the succeeding one. We can find that
after ORGs are recognized, Org F-1 increase by 25.91%,; furthermore, the performance of PER
and LOC also improve. It can be inferred that the ORG role model not only solves its own
problem, but also helps exclude improper PER or LOC candidates in the segmentation model.
Similarly, the LOC model aids PER recognition, too. Take “¥[|'} fi*J-f< l,iﬁ“ (The water in Liu
village is sweet) as an example, here, “¥|[} "(Liu village) is very likely to be incorrectly
recognized as a personal name. However, it will be recognized as a location name after
HMM is added for location recognition.

6.2 Official evaluation of our lexical analyser ICTCLAS

We have developed our Chinese lexical analyser ICTCLAS (Institute of Computing
Technology, Chinese Lexical Analysis System). ICTCLAS applies the role model to recognize
unlisted NE names. We also integrate class-based word segmentation into the whole
ICTCLAS frame. The full source code and documents of ICTCLAS are available at no cost
for non-commercial use. Researchers and technical users are welcome to download ICTCLAS
from the Open Platform of Chinese NLP (www.nlp.org.cn).

On July 6, 2002, ICTCLAS participated in the official evaluation, which was held by the
National 973 Fundamental Research Program in China. The testing set consisted of 800KB of
original news from six different domains. ICTCLAS achieved 97.58% in segmentation
precision and ranked at the top. This proved that ICTCLAS is one of the best lexical
analysers, and we are convinced that the role model is suitable for Chinese NER. Detailed
information about the evaluation is given in Table 10.

Table 10. Official evaluation resultsfor ICTCLAS.

Domain Words SEG TAG1 RTAG
Sport 33,348 97.01% 86.77% 89.31%
International 59,683 97.51% 88.55% 90.78%
Literature 20,524 96.40% 87.47% 90.59%
Law 14,668 98.44% 85.26% 86.59%
Theoretic 55,225 98.12% 87.29% 88.91%
Economics 24,765 97.80% 86.25% 88.16%
Total: 208,213 97.58% 87.32% 89.42%

Note:

1) RTAG=TAG1/SEG*100%

2) The results related to POS are not comparable because our tag set is greatly
different from their definition.
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6.5 Discussion

Our approach is merely corpus-based. It is well known that, in any usua corpus, NE is
sparsely distributed. If we depend solely on the corpus, the problem of sparseness inevitably
be encountered. But by fine-tuning our system, we can alleviate this problem through some
modifications described below:

Firstly, lexical knowledge from linguists can be incorporated into the system. This does
not mean that we fall back to rule-based approaches. We just need some general and heuristic
rules about NE formation to reduce some errors. As for Chinese PER recognition, there are
several strict restrictions, such as the length of names and the order of surnames and given
names.

Secondly, we can produce one more tokenization result. In this way, we can improve the
recall rate at the expense of the precision rate. Precision can be improved in the class-based
segmentation model. In this work, we only use the best tokenization result. We have tried
rough word segmentation based on the N-Shortest-Paths method [Zhang and Liu, 2002]. When
the top 3 token sequences are considered, the recall and precision of NER in ICTCLAS can be
significantly enhanced.

Lastly, we can add some huge NE libraries besides the corpus. As is well known, it is
easier and cheaper to get a personal name library or other special NE libraries than a
segmented and tagged corpus. We can extract more precise component roles from NE libraries
and then merge these data into the contextual roles obtained from the original corpus.

7. Conclusion

The main contributions of this study are as follows:

(1) We have propose the use of self-defined roles based on to linguistic features in
named entity recognition. The roles consist of NE components, their neighboring
tokens and remote contexts. Then, NER can be performed more easily on role
sequences than on original character strings or token sequences.

(2) Different roles are integrated into a unified model, which is trained through an
HMM. With emission and transitive probabilities, the global optimal role sequence
istagged through Viterbi selection.

(3) A class-based bigram word segmentation model has been presented. The
segmentation frame can adopt common words and NE candidates from different
role models. Then, the final segmentation result can be selected following
competition among possible choices. Therefore, promising NE candidates can be
reserved and othersfiltered out.

(4) Lastly, we have surveyed the relationship between Chinese NER and lexical
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analysis. It has been shown that the role model can enhance the performance of
lexical analysis after NE are successfully recalled, while class-based word
segmentation can improve the NER precision rate.

We have conducted various experiments to evaluate the performance of Chinese NER on
the PKU corpus and MET-2 data. F-1 measurement of recognizing PER, LOC, ORG on the
1,105,611-word PKU corpus were 95.57%, 93.99%, and 81.63%, respectively.

In our future work, we will build a finely tuned role model by adding more linguistic
knowledge into the role set, more tokenization results as further candidates, and more heuristic
information for NE filtering.
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Appendices
Appendix |. Cases that head or tail of Chinese PER binds with the neighboring tokens
(Casesiillustrated with the format: Known words: left neighbor/Chinese PER/right neighbor)

W (wave length) - /[SlfFEl,iEL'(Chen Chang-Bo)/+_*"% * (grow up)

1.3 ( Chang’An: an olden city of China) : £ 1 (chairman)/% - f;(An Shi-Wei)/ [t
(present)

1 (long) : %4 (director general)/ - ¥ (Zhang Sun)/ /i ?FJ' (introduce)

7% (long hair) © = £ (chairman)/= ;4 (Qian Wei-Chang)//< (deliver)

K47 (the Changjiang River) : [ (dean)/i” ¥ £¥(Jiang Ze-Hui)/4ii(point out)
T4 (surname: “Zhang Sun”) = [ (captain)/+| =<(Sun Wen)/" [fji|(in front of goal)
K Ji(one's strong suit) b K (director general /=i ¥4 (Xiang Huai-Cheng)/fy(*s)
?Fj 4 (over birth) : ?[l(and)/wi%@% (Deng Ying-Chao)/* fjij(before one's death)

[ (state) = < /7] [ (Xiao Chen)/(say)

J?’9}7[[§(ChengDu: acity of China) : - /& Z&.5%(Tong Zhi-Cheng)/f[B(all)

Ry (become) @ ¥ %4 (elect)/% = 55 (Li Yu-Cheng)/”~ (become)

Y-~ (deliberately ) © > /#1259 (Tong Zhi-Ch)/-~ [ i(in one’s heart)

¥I= (primary) : = “m (chairman)/Zi F‘J’T&’J(Dong Yin-Chu)/= (etc)

#AI(kindly) = fl130 (general)/ = pli (Taishi Ci)/Ti(and)

ZlIpf(ontime) ©  Z[/(go to)/fi5f (£ #£(Shi Chuan-Xiang)/# | (old partner)

% (master) i (at)/#& F #.(Zhao Xiao-Dong)/% (home)

B}ﬁﬁ (discipline) : {1 }-(Hebei team)/ﬁ’[ Hl(Zhang Zhong)/

*fF I(dialogue) : >f(toward)/} 1523« (Bai Xiao-yan)/Z % (kidnap)

+ [Flj(direction) * [V[iFh T (Deng Pu-Fang)/[FIJ(toward)

FJ,'Jf (expert) : % Z[[(hand in)/FkH FJ,'J(Zhang Hong-Gao)/= -(keep)

A PH(sunshine) : > /73 3k (Su Hong-Guang)/[¥] | 1 (understand)

K= (energy of light) = » /7t 5L (Su Hong-Guang)/fj= (can)

B'ﬁ[ﬁ(capital) T [HFEE(Qiu Er-Guo)/f[B(all)

7 (thank to) = Rl #5 (president)/¥[[-<4+(Liu Y ong-Hao)/ 7+ (at)

% "] (the gate of ahouse) : 3 (everybody)/™ |¥ 7 (Men Wen-Y uan)/ = (occupy)
gl (family tree) : 3 (home)/}L! #} (Shi De-Cai)/— % (household)

{7 (be still living and in good health) /K fE(Chu Shi-Jian)/7 (at)
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Hfl(aways) : ¥ (Hou Lao)/kL(is)

Y jl(master) : ¥ (Xu Lao)/ |l kL (always)

Fpl1(inwoods) © 25 (thrive)/Z JE #(Li Qing-Lin)/f[ 14 (Chinese Communist)
FF 3% (say directly) : = 'é’ﬂ(editor in chief)/ fﬁj f¥|(Zhou Ming)/ (say)

I E(equality) : = ?’*J(chairman)/ﬁd["%i" (Wu Xiu-Ping)/=(etc)

7 Fli(gentle) : [FIJ (toward)/ ‘] I (Xiao-Ping)/#(and)

I = (paralldl) : [Flj(toward)/ [ (Xiao-Ping)/ = ¥ (salute)
JaFI(modesty) : £l %31 (Wu Xue-Qian)/F(and)

fii7H (future) - ﬁj(front)/ﬁ%i@ﬁf&(Cheng Zeng-Qiang)/ (

i< (preexistence) : FRk5 i (Wei Guang-Qian)/ =} (body)

iﬁa&(pay respectsto) : i?ﬁ(invite)/ab’ & (AN Jin-Peng)/3 {3 (winter vacation)
ToRLif) ¢ - /fEWFPE'I(Lv He-Ruo)/;L(is)

& fﬁj (“Shang” dynasty and “Zhou” dynasty) : 'F | ¥ (Taiwan trader)/ fﬁj i (Zhou
Rong-Shun)/“ & (mister)

% Jiik(be born with) @ = = (director)/{® ’Fh’ 4 (Xu Yin-Sheng)/iif:(toward)
4 3k (be born with) == (toward)/ﬁ [ % (Lv Jian-Sheng)/k ©(toward)
"l '} (person with marshal’ s ability) = /¥]]"}fj(Liu Shuai)/} (just)

-~ F(aquatic) : /% L -<(Li Chang-Shui)/ [~ (take a post)

Y (why) = (wei)/ [ £ (He Lu-Li)/ -

Yili(inthetext) : = (= (director)/[if:#=¥ (Chen Zhen-Wen)/f|1(middle)
?‘Iif’!ﬂwest station) : /< Zfjl(see)/#34 1(Zhang Hai—Xi)/if’J,Tstand)

& yl(theory) @ 3 Fra”(Pang Xin-Xue)/ i (say)

- Z(first class) : - /Bﬁ’»{uj (Lu Ding-Yi)/= (etc)

‘T"[?D(mellowness) N /%{Q[T",(Zhang Yi)/#I(and)

<7 (never) : :ﬂ] &1 (accuse)/ 1=+ (Zhong-Rong)/ 7> (no)

< (about) : ?J(has)/i;”«i?ﬁ(Guan Tian-Pei)/fi('s)

=7 (far away) © £ K (chairman)/ ;" [*7=(Qi Huai-Ruan)/7: (at)

2l (reasonable) = 7% (at)/ZEZH (Li Qi)/Fil ?J [j;’[ (chief of staff)
ﬁﬁ*}ﬁ(ordinarily) T 574 (student)/== ﬁﬁ(Mao Zhao)/ 3 (say)

I—Pﬁ[},(quality goods) : (/[ 7v[~(Zhu Naj—Zheng)/FF,[Ef‘oéé(note)

=7+ (in process of) : ?‘,B L (minister)/¥} % 1~(Sun Jia-Zheng)/ (at)
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L HI(summation) : £ K (chairman)/ # 1/ (Zhu Mu-Zhi)/#I(and)
fl1#I(counteract) : [ (academician)/%{’ﬁ?ﬂl(Wu Xian-Zhong)/#(and)
= gk(affirmation) : "= (owner)/4531 =, (Zhang Hong-Fang)/# (by)

=~ ¥ (offspring) : " (son)/¥} FW%—E (Sun Zhan-Hai)/f:L(is)

Appendix II. Some error samplesin ICTCLAS (Missing or error NE isitalic and underlined)

1

~

[LOC: Z(dragon)/n  7#(defeat)lv_Z(town)/n] [LOC:Z/(rein in)/v _ F;f/(Huang
village)/ns] #f= (= (villagedirector)/n [PER: #/nf L #f/nl J(Liang Guang-Lin)
Translation: Liang Guang-Lin, the village director of Long-Sheng town Le-Huang
village.

[ORG: ?fﬁ?%ﬂﬂj/ns fliz%lb ~ WNEEEE/N](XiangTan city intermediate people’s court)nt
# < (judge)/vn [ORG: {;ﬁ(lake)/n 1 7(South)/s]  ## (according to)/p  21.6%/m
fu(of)/u - E=ff](proportion)/n [ i (compensate)/v  [ORG:_j7F#(He Nan)/ins 7
(just)/d] 38 7+(380,000)/m 7 (Yuan)/q - /w [ORG:y7(river)n g 7% (South)/s] T
(don't)/d [Fd,:éil(agree)/v lw - [iy(but)/c  [ORG: /ﬁ?&/(HuNan)/ns 7 (Fang)/nl ]
FKZe)inl i~ (consider)/v T (ought)/v  #¥(according to)/p 1 i (law)/n &
(judge)lvn 7s(transact)lv - w

Transglation: XiangTan intermediate people’s court sentence HuNan compensate HeNan
380,000 Y uan (21.6%), HeNan disgree while HuNan think it ought to judge by law.
[Flj(toward)/p ifﬁ(stand)/v 1 /7(Chang Jiang river)/ns 3 /#(Xiu-Chen)/nr  (/w
‘F[(right)/f Z (two)/m ) /w UlF?i%.(present)/v HihE(silk flag)/in - /w

Translation: Donate silk flag towards stationmaster Jiang Xiu-Chen (the second from
right)

#ﬁ(according)/p [ORG: %ﬁ"%(xin Hua She)/nt i (Nanding)/ng] 1 7] (Jan)/t
6 F!(6th)/t [T (telegram)/n  (/wf ;% (Fan)/nf /ﬁ (Chun)/nl % < (born)iv_ 7/
(power)/n_ )

Translation: According to the report of Xin-Hua She from NanJing, Jan, 6" (Fan
Chun-Sheng, Yu Li)

T (fifty)/m = (year)/q  [jij(before)/f [iu(of)lu  Zi(Zhou)inf _**V(Gong-Zhi)/nl
£ (and)/p éi?[(Hong Ran)/nz - /w

Translation: The Zhou Gong and Hong Ran of fifty years ago

< # (Zi-Yi)inl W (look over)lv # (at)/u Z (Meng)/nf # v~ (De-Yuan)/nl
(leave)lv  fri(of)/u ﬂ%{g(aview of sh.'sback)/n > /w

Translation:  Zi-Yi look over Meng De-Y uan’s fading view of back

?J% £ (Liu Jia Zhang)ins £/ (village)/n fiv (of)/u > = (countrymen)/n 3 Hi 7 %r




Chinese Named Entity Recognition Using Role Model

(happiness after happiness)/I

Translation: The peasantsin Liu-Jia-Zhang village enjoy happiness after happiness.
[“/(photo)/n  *~(is)/p *iff =(Da He Xiang)/ns 7==A(Shui Xiang)/n #7/(village)/n
6 5 (65)/m % (age)/lq f(of)/u “m (Xi)nr B i (Xing-Shun)/nr - <[ Z[] (draw)/v
igh:’“ﬂﬂfelt)/n

Translation: in the photo is Xi Xing-Shun, a 65 years man of Da-He Xiang Shui-Xiang
village, receiving the Rou felt.
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