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National Chiao Tung University

ABSTRACT

The handling of out-of-vocabulary (OOV) words is one of the key points to high
performance lexical analysis in*natural language processing. Among all OOV words,
named entities (NE) are the most productive-ones and nearly no generation rules for
them exist. Named entities generally constituté the most meaningful parts of sentences
(persons, affairs, time, places, and objects). In this paper, we propose a classification
of Chinese NEs and a multi-layered “generation, filtering, and recovery” framework
to address the NER problem. In our system, a set of statistical models and heuristic
rules are first used to generate all possible NE candidates to obtain a high recall rate.
Then we treat the candidates filtering as an ambiguity resolution problem. To resolve
the ambiguities, we adopt a maximal-matching-rule-driven lexical analyzer. Last, a
rule-driven pattern matching method is applied to detect and recover abnormalities in
the results of the previous two phases.

Pure lexical information is exploited in our system. We get a high recall rate of

96% with personal names (PER), satisfiable recall rates of 88%, 89%, and 80% with



transliteration names (TRA), location names (LOC), and organization names (ORG),
respectively. The overall precision is over 90% and the excluding rate is over 99%.
Our system exploits relatively simple information and obtains good performances.
Our framework retains much flexibility for the refinement of the model design. There
is still a lot of room for improvements. More precise language models could be
adopted; more complete heuristic rules could be applied; and more knowledge and
information could be added to achieve the ultimate performance under this

framework.
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Chapter 1 Introduction

Words are generally the basic unit to process natural languages. Identifying words
in sentences, i.e. lexical analysis, is the first work in computer natural language
processing. In most Indo-European languages, such as English and French, there are
spaces delimiting words. Lexical analysis of such languages is hence trivial and
straightforward. However, in many oriental languages, such as Chinese and Japanese,
sentences are composed of string of characters without any delimiters to mark word
boundaries. To process these languages, sentences must be segmented into word
sequences first.

Most Chinese language processing systems rely on lexicons to recognize words in
sentences. Because the number of Chinese words. is tremendous, it is impossible to
compile all Chinese words in=-a Jlexicon. Therefore, word segmentation processes
would encounter the problem of out-6f-vecabulary” (OOV) words. In recent years,
many researchers start to realize that the identification of OOV words is a key to the
success of high precision segmentation [7]. In previous researches, it was assumed
that all words in the input documents are known, i.e. there are no OOV words in the
documents, and almost all proposed lexical analysis methods could achieve a high
accuracy under this assumption, such as [2, 6, 9, 35, and 41]. However, when OOV
words were present, the performances were degraded a lot.

Named entities are one of the most important sorts of OOV words. It is impossible
to list them exhaustively in a lexicon. Since they are the most productive type of
words, nearly no simple or unified generation rules for them exist. Besides, they are
usually keywords in documents. Thus, named entity recognition (NER) becomes a
major task to many natural language applications, such as natural language

understanding, question answering, and information retrieval. Figure 1.1 shows some
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sentences with named entities underlined:

B [ IR s A e
T R R [FIREE N IR SRR e
FLIEE Sl @ SR Ve sl — E]H Z 8-
PN i A N EE TR
S SRS -

RN E B [S'ﬁfll]%i‘[’" gﬂ;{%@ﬁ .

Fig. 1.1 Sample sentences with named entities.

This paper proposes a multi-layered “generation, filtering, and recovery”
framework to solve the NER problem. In the generation phase, several stochastic
models are responsible for generating all possible candidates of different kinds of
named entities in input documents. In the filtering phase, a rule-driven lexical analysis
is performed to filter out over-generated false candidates produced in the previous
phase. In the recovery phase, segmentation results-of lexical analysis are examined by
a rule-driven lexical checker to recover the failures of the above two phases.

In Chapter 2 we detail our classificationjand: definition of Chinese NEs. Chapter 3
explains the basic concept and the structure of our system. The candidate generation is
discussed in Chapter 4 and the other two phases are arranged in Chapter 5. Chapter 6

gives the result of our experiments and Chapter 7 explains our conclusions.

1.1. Background

Words could be roughly classified into four categories: common words, derived
words, named entities, and technical terms for specific domains. No matter how a
computer lexicon is constructed, relying on corpora or using existing paper-printed
dictionaries, the resulting lexicon generally contains most of common words, some
often seen derived words and named entities, and few domain terms. However, OOV

words always exist. Derived words, named entities, and domain terms usually

2



constitute the three major part of OOV words, as depicted in Figure 1.2. Notice that
there are overlapped areas between these categories; for example, the word “ Fi™ is
both a derived word and a domain term in baseball. The discussions about the three

major types of OOV words will be detailed separately in the following sections.

Fig. 1.2 A rough category of Chinese words:

1.1.1. Domain Terms

A domain term is defined as a word or“an expression that designates a specific
concept in a special domain [20]. For example, “*5F (chord)” is a term in the music
domain. Most domain terms are frequently used in their specific domain but hardly
seen in other domains. A few domain terms are extended to more general senses, such
as “ff|” /(to operate)” and “'T} % }(out) .”

Domain terms can be recognized by consulting a domain lexicon, which can be
extracted from a domain specific corpus in a systematic way [10]. Generally it

belongs to the territory of offline new-word extraction and it is not the focus of this

paper.



1.1.2. Derived Words

The definition of derived words in Chinese is slightly different from that of
English. There are four major ways in which derived words may be produced [36]:

B reduplication (e.g. E{JFF‘{JE?%?E, 1 T..)

B affixation (e.g. — 4¥%, HiZE..),

B directional and resultant compounding (e.g. £, fit5...)

B merging and splitting (e.g. B[*|9}, [z {#ER...)

Recognition of derived words usually relies on handcrafted or corpus-retrieved
morphological rules and semantic classification of words [7]. However, there is no
standard for how to segment derived words. Some researches regard derived words as
a single word (e.g. Huang et al. (1997) [17]), but the others tend to treat them as a
combination of normal words-and. affixes (e.g. .GB/T 13715-92 (1993) [15]). For
example, the derived word “— &£ may be.scgmented as “/— §<1%E/” or </~ H&/{£/”
in different systems. It is hard to<say. which choice is better or more correct. In

different application domains, each has its advantages and disadvantages [36]. Even

experts or native speakers cannot have an agreement on it [28].

1.1.3. Named Entities

The definition of named entities is not trivial. Roughly speaking, a named entity is
either a numerical expression or a proper noun that denotes a person, an organization,
a location, a product, etc. In other words, a name entity refers to a unique identity;
instead, a common word represents a generic class. For example, “fLI%5(Snoopy)”
is a named entity, but “JFu(dog)” is a common word.

Named entities comprise many different types. The Message Understanding

4



Conference (MUC) has divided named entity task into five subtasks: persons,
locations, organizations, times, and quantities [11]. This classification is mainly used
as an evaluation criterion; it is not detailed enough to cover all kinds of name entities.
Sakine [25] has proposed a hierarchy of Japanese named entity classification, which
contains 150 subclasses. In this thesis, we modify Sakine’s classification to make it
suitable for Chinese. The complete classification hierarchy is given in Appendix A.
There are nine major classes in our classification; seven of them are open-ended:

{persons, locations, organizations, terminologies, titles, miscellanea, abbreviations

And two of them are close-ended:
{times, quantities}
Open-ended named entities can be further divided into two types:
(original | translated)

Each class will be discussed individually in detail in €hapter 2.

1.2 Related Works

Many researches have addressed the NE recognition problem in Chinese since
1990. However, most of them have covered only a few types of NEs. They generally
focused on three main open-ended major classes (PER, LOC, and ORG) defined in
MUC information extraction task plus transliteration names (TRA) (which denotes
names translated in phonetic values) only.

Generally speaking, there are no well-accept standards for NE recognition, hence
most of these researchers followed their own definitions of NEs and the results thus
obtained are less comparable.

Since researchers usually take different ways to deal with different types of NE,

the following sections are organized according to the focusing NE types of researches.
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Section 1.2.1 discussed personal name recognition methods. Section 1.2.2~1.2.4 cover
LOC, ORG, and TRA recognition approaches respectively. Several systems employed

type-independent methods. These systems will be presented in Section 1.2.5.

1.2.1 Personal Name Recognition

The identification of personal names is one of the most popular and earliest
explored topics about NER. [3, 28, and 44] took purely statistical methods to
recognize unknown personal names in documents; on the other hand, [5, 18, 27, 31,
and 32] took hybrid ways of segmentation, stochastic model, contextual information
and heuristic rules. Above models and their performance reported will be detailed in

following paragraphs.

B Statistic Approaches

Chang et al. (1992) [3] used purely statistical approach and got a 91.87%
precision and 80.67% recall. Sproat et al. (1996) [28] based on this method and
improve the estimation method of statistics. Zheng et al. (2002) [44] used the regular
probabilistic grammar to identify candidates and the statistical segmentation to verify

these candidates. They got a recall rate of 75.17% and a precision of 90.98%.

B Hybrid Approaches

Song et al. (1993) [27] used segmentation and rule-driven approach and achieved
94.7% recall and 97.4% precision. Sun et al. (1994) [31] took a similar approach, but

added probability and other checking mechanism. They got 99.77% recall but a lower
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precision 70.06%. Chen et al (1996) [5] combined pre-segmentation, statistical
models, and several lexical clues, and obtained 88.04% recall and 92.56% precision.

Sun et al. (1997) [32] integrated probability model, reduplication patterns, and
contextual information. They achieved 95.0% recall and 87.6% precision. Ji & Luo
(1999) [18] proposed inverse name frequency (INF) model combined with several

heuristic rules and obtained 93.75% recall and 83.95% precision.

1.2.2 Location Name Recognition

The recognition of location names is comparatively less mentioned by previous
researchers. Many systems collected frequently used location names, like “’F",:{ = and
“ﬁ,’ﬁ%” as vocabularies. However; the performance of LOC recognition is generally
lower than PER recognition. Usually probability .models and contextual information
are employed to recognize location names:

Shen et al. (1995) [26] employed. pre-segmentation and frequency model to
recognize location names and got 95.0% recall and 81.1% precision. Tan et al. (1999)
[33] used probabilistic models to extract name candidates and several contextual rules

are applied to verify them. They got 93.8% recall and 86.7% precision.

1.2.3 Organization Name Recognition

The structure of organization names is more complex than above two types of NE.
Affixes are generally main features used to recognize ORG. Chen & Lee (1994) [4]
used morphological rules, mutual information of words, and contextual information to
identify the names of organizations. They achieved a recall rate of 54.50% and a

precision rate of 61.79%. Chen & Chen (2000) [8] proposed knowledge extraction

7



and pattern matching approach to identify organization names with suffix, and got
92% precision. Wu et al. (2003) [38] employed co-training method to obtain a
statistical model, and combined it with several heuristic rules. They got 75.5% recall

and 88.5% precision.

1.2.4 Transliteration Name Recognition

Sun (1993) [30] used simple handcrafted rules and transliterating character set to
identify the boundaries of transliteration names. They achieved 98% recall and 63%
precision. Xiao et al. (2002) [39] proposed a bootstrapping algorithm to extract
transliterating characters and contextual information from the Internet. Stochastic
models were then used to recognize transliteration names. They achieve 95.6% in

recall and 89% in precision.

1.2.5 Type-Independent Approaches

There are many type-independent approaches of NER. However, most of these
approaches need type-dependent data, such as frequencies, role tags, and contextual
information. Roughly speaking, type independent models can be divided into two
major sorts: over-generating & disambiguating [13, 21, 40, and 42] and
over-segmenting & generating [16, 29, 37, and 43]. These systems and its

performance reported will be detailed in following paragraphs.

B Over-generating & Disambiguating

Yu et al. (1998) [42] employed contextual information and internal features to

8



extract NE candidates and used probabilistic models of part-of-speech tags to perform
disambiguation. A similar system is also reported in Luo & Song (2001) [21]. Ye et al.
(2002) [40] treated NER as a multi-agent negotiation problem based on probabilistic
model, and obtained 96% and 93% (R&P) with PER, 94% and 91% with LOC, and
95% and 93% with ORG. Chua and Liu (2002) [13] proposed a corpus learning and
generalizing method of pattern rules. These rules were combined with a hybrid
pre-segmentation with NE recognition to generate all possible NEs, and decision trees
were used to resolve ambiguities. They obtained 98% and 91% (R&P) with PER, 92%

and 90% with LOC, and 92% and 91% with ORG.

B Over-segmenting & Generating

Most over-segmenting and- generating methods- are based on class-based role
tagging approaches. A segmenting andtagging process is taken first, and then various
NE generating methods are applied:- Zhang et al. (2002) [43] applied template
matching to generate NE candidates and got 69.88% precision and 91.65% recall with
personal names, and 77.52% precision and 93.97% recall with transliteration names.
Goh et al. (2003) [16] adopted support vector machine to chunk NE candidates and
obtained 84.44% recall and 89.25% precision with personal names, and 63.25% recall
and 79.36% precision with organization names. Sun et al. (2002) [29] combined their
system with heuristic information, cache model and abbreviation model. They
achieved 79.86% precision and 87.29% recall with PER, 80.88% precision and
82.46% recall with LOC, and 76.63% precision and 56.54% recall with ORG. Wu et
al. (2003) [37] incorporated various human knowledge resources like thesaurus. They
obtained 83.30% precision and 92.28% recall with PER, 88.31% precision and

84.69% recall with LOC, and 84.49% precision and 71.08% recall with ORG.

9



Chapter 2 Classification of Named Entities

In this chapter, we try to propose a classification of Chinese named entities in a
natural language processing aspect. In our classification, Chinese NEs are divided into

nine subclasses as Figure 2.1 shows:

Chinese Named
Entities

Personal Names (PER, ) N

Location Names (LOC, 1)

Organization Names (ORG, III)

Terminologies (TER, IV) >— Open-Ended NEs
— Titles (TIT, V)
—— Miscellanea MIS, V)

— Abbreviations (ABB, VII)—)
—= Time Expressions
} Close-Ended NEs
Quantity Expressions

Fig. 2.1 The nine subclasses of Chinese named entities.

We attempt to cover all possible named entities in our classification, and give a
preliminary analysis of them. Denotations like (FPN CHI, 1.1.a) appearing in the
following sections denote the position of that subclass in the classification hierarchy.
Appendix A gives the full classification hierarchy.

In fact, distinctions among some subclasses are vague, such as some sub-types of
location names and organization names. Even more, one named entity maybe figures
as different types in one sentence. Take the following sentence as an example:

FEACRALE 4 R R T R
The first appearance of “¥r¥r{H]” represent an organization, however the second one
stands for a publication. Nevertheless, a throughout study of the range and the
classification of NE is necessary.

10



In general, the structure of open-ended NEs except for abbreviations is a genuine

name followed by optional suffixes. It can be represented as:
Genuine name + [suffixes]

Suffixes are generally common nouns, which indicate the generic class to which the
named entity belongs. For example, F"l ~ is a genuine name and “ ] ‘T ” 1
whole named entity with suffix “[f|” indicating that “’F' 147 is a city. There are several
disputations about if the suffix part should be considered as a part of named entity. As
we mentioned before, no unified standard exists at present; even in same corpus, there
are still some confusions. For instance, Sinica Corpus [12] viewed “’F' 145717 as a
whole named entity, but split “Fr=8= / ?{ 4 on the contrary.

To follow Bloomfield’s definition of words, “word is the smallest units of speech

9

that can meaningfully stand by their own [1],;>.we consider a named entity as a

maximal qualifier-less string that represents a-unique individual. For example, “#t {*

ﬁm Vil s treated as o N ER L/ F,iﬁ / 53 2l not < e 2 ]
’F‘,iﬁﬁ SURPor <R /R F[}ﬁ LAl 2 F{J” is viewed as a suffix,

and “Ii [UBR _F[J” is a unique individual. On the other hand, “’F' o _F[J” is viewed
as a qualifier, which indicates that it is a branch of Intel in Taiwan.

As we mentioned in the previous chapter, genuine names of open-ended NEs can
be further divided into original ones and translated ones. Strictly speaking, translated
names are a feature, not a category standing alone; however the difference among
translated names of different types of NEs is little, and the features of them are much
varied from original ones. Therefore, an individual section is used to address
translated names.

Section 2.1-2.7 states the seven subclasses of original Chinese open-ended NEs,

and Section 2.8 addresses translated ones. Close-ended NEs are explained in Section

2.9

11



2.1. Persons

Personal names (PER, I) are the most important and the most often seen named
entities. As implied, it denotes the name of a person, either a formal or informal one.
Section 2.1.1 describes formal personal names, and Section 2.1.2 discusses informal

ones. Personal names with appellations are stated in Section 2.1.3.

2.1.1. Formal Personal Names

Formal personal names (FORMAL, I.1) mean the names registered officially
which represents our identities. Most oriental people have formal names constituted of
Chinese characters, or more precisely, “hanzi.”*The structure of a hanzi name is
usually:

Surname-+-Given Name
(Except Vietnamese, most Vietnamese.also.-have a middle name.) People who use
hanzi names include:

B Chinese (FOR_CHI, I.1.a)

B Japanese (FOR _JAP, 1.1.b)

B Korean (FOR _KOR, I.1.c)

B Jietnamese (FOR VIE, I1.1.d)

When these hanzi names are translated into Chinese, the original characters will be
kept, or transcribed into the equivalent characters in Chinese. For example, the
Japanese name “f#) | 52 5> will be translated into ““fi/[[FH.”

The set of possible surnames and given names are quite different from countries to

countries. There are at least 100,000 surnames in Japanese, but the number of

characters that could constitute a given name is less than 2,000. The number of

12



currently used Chinese surnames is more than 3,000. Except a few words with
radicals of bad meanings like “” I,” almost every Chinese character might appear in a
given name. On the other hand, in contrast with Japanese and Chinese, there are less
than 500 Korean surnames and only about 200 Vietnamese surnames [23].

The length of surnames and given names are varied. The length of Japanese
surnames could be varied from one character to nine characters (although most of
them are shorter than four characters). Except a few transliterated surnames of
minority nationalities (like Mongolian or Formosan Aboriginal), most Chinese
surnames are either one or two characters long. All Korean and Vietnamese surnames
are shorter than three characters.

The statistic distributions of surnames and given names of these languages are
dissimilar. The top ten of most ftequently occurting Japanese surnames account for
about 20% of Japanese population. In Chinese, the- ratio is raised to over 40%. In
Korea, the three major surnames (& (Kim),—%(Lee), and F[(Park)) make up about
half of the population, and in Vi¢tnam, for.every two people there is one that his
surname is “[7¢(Nguyen).”

Besides the diversity among these languages, even in Chinese, there are different
naming customs in different regions. In Mainland China, over 30% of people have a
given name of single character, but in Taiwan or Hong Kong, single-character given
names are much less. Dialects also influence the choice of given names, too. For
example, “f&4.” is a typical Taiwanese given name and “Z#” is a typical Cantonese
one.

The differences mentioned above mean that there should be different rules or
different statistic features to recognize personal names in different languages, or even
in different regions. Therefore, in our classification, formal Chinese names from

different regions are split up into their own subclasses.
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2.1.2. Informal Personal Names

There are many informal names, or aliases (ALIAS, 1.2), used in our daily life. We
usually use nicknames (ALI NIC, I.2.a) to call our family and sobriquets (ALI SOB,
1.2.b) to call our friends. Besides these, some Chinese, especially ancient scholars,
may be referred by their pseudonyms (ALI PSE, 1.2.c) instead of their original names,
like “ i ;E;IFFH ” for “Z [ I(Li Bai)” and “# .1 for “Fﬂiﬁ[.”

Not only humans have names, but humanized-characters (CHARAC, 1.3), also do.
“& #EL(Mickey Mouse)” is undoubtedly a named entity. Besides cartoon or animals,
spirits and monsters (SPIRIT, 1.4) have names too, such as “FI [Z1(Zeus)” and “tHft 7]

(Medusa).” There are nearly no restrictions in the morphology of aliases.

2.1.3. Personal Name with Appellation

It is often that appellations are attached after personal names to emphasize roles of
somebody, such as “= /[ 4=',” “H%EpL” and “% %:’[ﬁj j~” (APPELL, L5). Often
seen appellations include ““% > “/[4Z > and various nouns representing

relationships and occupations.
Should personal names with appellation, like “Bﬁ&?ﬁﬂﬁmﬁﬁ(Presidem Chen)” or
“Z F5P% (Prof. Li),” be viewed as a single named entity? Both ways have their

advantages and disadvantages [7]. In our classification, we follow the principle of

maximal string and view them as whole named entities.

2.2. Locations

In our classification, there are four subclasses of location names (LOC, II):
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B place names (PLA, IL.1)

B gcography (GEO, I1.2)

B architectures (ARC, I1.3)

B addresses (ADD, I1.4)

Place names contain three sub-types:

B common place names (PLA COM, Il.1.a)

B complex place names (PLA_CLP, II.1.b)

B administrative divisions (PLA_ADM, Il.1.c)

Figure 2.2 shows some sentences with location names underlined:

TEEE Ly e B A 25 RIS -

rof Bt A RLIET) LT NG AR Y
A ARl m ) Bed "SR TR PELT | - 7 R Ep Bl 7~ B0 BLEEYR 1y 7 -
%Fééiﬁﬁ&?hﬁl%“‘\*ﬂ P P EE R Y SRE R -
L3]S L T A SEEE 10015E -

Fig. 2.2 Sample sentences withlocation names.

The distinction between common place names and complex place names is their
modifying affixes. A complex place name can be represented as:
prefix + place name | place name + suffix
For example, “’F' 1% (Taiwan)” is a common place name, and “F’F'J’F' 177 (Southern
Taiwan)” is a complex place name. However, we will treat them uniformly in our
recognition models, because the boundary between common place names and
complex place names are vague in Chinese. For example, “E:]*(Taipei)” could be
treated as a common place name or a complex place name. If we take all this kind of
names as a common place name, and take all these affixes as a common naming
character of place name, the problem we face will be much simplified. The often seen
affixes include F, {1, Ff, 1% 1, '], It, ete.

Most administrative division names are limited in a fixed set. There are many
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systematic ways to collect the most commonly seen administrative division names.
The discriminative features of them from above two types are division suffixes
indicating their division levels, such as “I,” “ﬂ I “HB,” <7, etc. Besides division
names in real world today, there are historic and fabricated ones, of course. For
example, “FijF{l” and “ &1 are also division names.
Geographic names include:
B water areas (GEO_WAT, I1.2.a)
B terrains (GEO TER, I1.2.b)

2

For example, “J#~[*}% ” is a water area name and “=[l[” is a terrain name.
Geographic names are usually composed of a common place name and a suffix
representing the geography, such as “EL[#£{[” and “&e =4 15
Geographic name: common place name + suffix

The morphological structure-of architecture names is similar to geographic names.
However, the genuine name of architecture-names is ' more diversified. There are three
sub-types of architecture names in our ¢lassification:

B infrastructures (ARC INF, II.3.a)

B buildings (ARC BUI, I1.3.b)

B facilities (ARC FAC, I1.3.c¢)
The distinction among these three types is the most important meaning they represent.
Infrastructure names chiefly represent the functionalities they carry, like “H Iﬁﬁ? HE >
“ﬁ,’ﬁ@ﬁ,” “J “’?'i[ ghME ” etc. Building names chiefly represent the entities themselves,
like ok M= A “*’T%fﬁ‘,” “HE/F/ 1%, etc. Facility names chiefly represent the
people interacting with them, like “% 3] *5,” “’F' P ONRE,” = 1T ete

Not only common place names may appear as genuine names of architectures, but
also personal names like “f| i [E,'J% JVHE” organization names like “[Eﬁ‘%f %, and

other entity names like “[ IF'1"¢ ff {4 might, too. It is necessary to combining several
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models to recognize architecture names. Fortunately, the specific suffixes are helpful
features.

Addresses are a special type of location names. They are composed of division
names, infrastructure names, and quantities:

Address: [division name] " + [infrastructure name] "t [quantity expression]
For example, in the address “?E’?’T*ﬂ J*%E’-ﬁ‘.lOOl%,” “?@?ﬁﬂ I is a division name,

“ABEHE” g an infrastructure name, and “10015£” is a quantity expression.

2.3. Organizations

In our classification, there are four major types of organization names (ORG, III):
B governments (GOV, II1.1)

B people groups (GRO, H1.2)

B races (RAC, II1.3)

B companies (COM, II1.4)

Figure 2.3 shows some sentences with organization names underlined:

WHPHILE AT QBT RO A -
B S R -

FLI TR 1 W5 LYY -
{BTEBEE T ) S H  -

P il;fii . rjrg‘,FE'IELE ST o

R A T A ERR -

Fig. 2.3 Sample sentences with organization names.

The reason for dividing organization names into four types is the discrepancy in their
usages.

The distinction between organizations and locations is that the relationship of
people is more important to organizations; however the real place is more important

to locations. In other words, the definition of organization in our classification is more
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“abstract” than location. For example, “F—E‘}Pﬁ#[?[ FFF is a location, but ¢ En”iff#ﬁ&f}}? 15
N ﬁj” is an organization.

Government names are restricted in a very limited set. The name of governments
is more like a common word describing the duty of the department than a name given
by people, as “i = [=E,” “It B jﬁ <R, ete. They still should be named entities,
though. Government names may not be productive in real world, but in novel worlds,
it is not just that simple, for instance, the department named “/Jf jﬁﬂ” in Harry Potter.

People group names cover a vast area. The major subclasses of people groups
include:

B associations (GRO ASS, I11.2.a) (e.g. “Ei '{gLé 67 “3@@@%’%?”)

B parties (GRO _PAR, II1.2.b) (e.g. “ " #,” “ 3= H)

B religions (GRO_REG, 1T1.2.¢) (e.g. “JL f‘ﬂf 7= FHEY)

B teams (GRO_TEA, II1.2.d) (e.g. “pd 5z, “f " frd 7 1)

B gangs (GRO_GAN, TlT2.¢) (€.g——aEldl],” “EF V)

B forces (GRO_FOR IIL.2.f)'(eg: “f%f[%’}g*ﬁﬂ 5, “TRAI5)

Usually there are suffixes representing the type of them in people group names.
However, each kind of people group has its own characteristics and there are too
many kinds of people groups to exhaustively analyze their statistic features and
internal structures here.

The number of most frequently used racial names is limited. However it’s very
easy for novelist to fabricate new racial names. Major suffixes of racial names are
“~»and “IE.” These two words are also frequently used to make a new derived word
indicating some group of people with common characteristics, such as “ZZ%FE} A and
“RE[H]1’<.” That causes a little problem to distinguish racial names from these derived
words. .

Structures of company names are different from that of other organization names.
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Most organization names generally have appended suffixes, such as “[5%,” “Fﬁ N R

etc, but company names do not. Even in more formal documents like newspapers,

[ d /o9

company names are not often attached with suffixes like “° F{J ” or
Fortunately, characters that may appear in a company name are not many. In our
estimation, about 90% of companies have a name constituted within a 2,000-character
set. Nevertheless, unlike personal names, the most frequently used company-naming
characters are also the ones that constitute the most frequently used words. It might

cause difficulties in company name recognition.

2.4. Terminologies

As implied, terminologies (TER, TV) include the terms in the overlapped area of
named entities and domain terms. In'academie studies, we often give something (such
as laws, theories, and so on) a name foran easier communication. For example, “ @i
9} E I (Newton's First Law of Motion)”"is more succinct and precise than “vt
12E [HBER f}’dﬁ‘grﬁ?ﬁ ‘E'F?fﬁ B Y EI(Every object in a state of uniform
motion tends to remain in that state of motion unless an external force is applied to
it. ).”

Terminologies are diversified and cover many domains. Here we consider the
frequently used ones only:

B taxonomic classifications (TAX, IV.1)

B chemical (CHE, IV.2)

B medical (MED, IV.3)

B geosciences (GES, IV.4)

B astronomy (AST, IV.5)

B phenomenon (PHE, 1V.6)
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B measurements (MEA, IV.7)
B type specifications (TSP, IV.8)

Figure 2.4 shows some sentences with terminologies underlined:

Ly SRS % C ] W -
(L o

217 AT TR

BB U5 7 | R ey -
B ST (AL -

Fig. 2.4 Sample sentences with terminologies.

Taxonomic classification names are the most often seen terminologies. The
boundary between taxonomic names and common words is sometimes vague. For
instance, “Hi 4 F# ! (Fuji apple)” is undoubtedly a taxonomic name, but the case with
“Zifl (apple)” is not so clear. There are;also some taxonomic names occurred in
novels or fantasies, like “&{(dragon)”-and “& ~'|#(unicorn).” It is very easy for a
novelist to invent a new term. It generally needs a deeper semantic analysis to handle
these fabricated names.

In our classification, chemical mames” include not only formal academic
terminologies, but also the common names of chemical instance how we call them in
our daily lives. For example, both “?ﬁﬁ@ﬁ‘%@'(aluminum potassium sulfate)” and “f|
#(alum)” are chemical names. The former could be recognized by pattern matching
with handcrafted regular expressions. The latter should be listed in lexicons.

Medical names include the name of drugs, diseases, treatments, medical
appliances, etc. Geosciences names include the names of geology, oceanography,
atmospheric science, etc. Astronomy names include the names of stars, constellations,
galaxies, etc. Phenomenon names include the name of laws, theorems, theories,
effects, hypotheses, etc. The names of measurement and type specification (TSP, IV.8)

TR NEaY -
g Y

are also classified into terminology. “’* 7j(centimeter)” or *~ _ph (gram)” does not
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look like a named entity, but “:L'iffﬁ(ampere)” and “VEF¥ 5 (farad)” could give a
clearer explanation.
Like other domain terms, generally there are several systematic ways to collect

these terminological names, if we put the fabricated names aside.

2.5. Titles

Titles (TIT, V) contain following subclasses:
B publications (PUB, V.1)

B creations (CRE, V.2)

B skills (SKI, V.3)

B styles (STY, V.4)

B cultures (CUL, V.5)

B brands (BRA, V.6)

Figure 2.5 shows some sentences with titles underlined:

= Jur e B PRL S R -
Bl R, 2SR (.

SRR L E SR Rl
ARERZHE SR
PR M -

e /35— G EEE S -

Fig. 2.5 Sample sentences with titles.

Generally a title is denominated or designated by someone with creativity, so there are
nearly no regularity or formation rules for titles. It may be a common word, as ‘“Vg,Z
(Aspire®);” it may be a clause, as “PFR At (Norwegian Wood);” it may be a
sentence, as “fr AL ELZS BT (Don’t Cry for Me Argentina);” it may even seems
like nothing, as “fi’' [ 1fi’ §4(Coca-Cola®).”

Most titles of creations and brands don’t have suffixes. This makes it more
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difficult to recognize them. Unfortunately, creations and brands are also the most
important types of titles. There might be two ways to solve the problem caused by
non-suffixed titles: deep semantic analysis or built-in common sense database. To the
former, as mentioned before, semantic analyzing is a difficult topic itself. To the latter,
titles are so productive that a built-in database could only resolve a little part of

problem.

2.6. Miscellanea

There are many named entities that cannot be classified into any of the above
subclasses. These named entities are not important or frequently used enough to form
a new subclass. Thus, we put all of them under the subclass “miscellanea” (MIS, VI).

These miscellaneous named-entities include:

B vchicles (ENT_VEH, VI.1.2) (e.g. zli*’;q'[? B, = P TLBE)

B weapons (ENT WEA, VL1I.b)(c.g. [’ﬁi?\@ﬂ, P

B foods (ENT FOO, VI.1.c) (e.g. ¥ K #x, {'ﬂjiﬂ r,%)

B cloths and clothes (ENT _CLO, VI.1.d) (e.g. "Ji& (£l #if)

B festivals (FES, VI.2) (e.g. fg?ﬁ AT, AE A ST

B reign titles (REG, V1.3) (e.g. ﬁﬂf%f i, Al

B contests and awards (CON, V1.4) (e.g. iﬁ_‘.h'ﬂ JETE? B EY, Fﬁl FIE22%)

B historic events (EVE, VL5) (e.g. ~<[[I%, ['I-T #5497)

B plans (PLN, VL6) (e.g. ij}i@@“ﬁﬁ, f\,-LEJJ %)

Figure 2.6 shows some sentences with miscellaneous names underlined:
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Fig. 2.6 Sample sentences with miscellaneous names.

2.7. Abbreviations

There are three types of abbreviated NEs (ABB, VII) in our classification:

B single entity abbreviations (ABB_SIG, VII.1)

B combined abbreviations (ABB_COM, VII.2)

B derived named entities (ABB_DER, VIL.3)

The first type is single entity abbmeviations. In other words, it means the
abbreviation which denotes only one named entity. The characters composing this
type of abbreviations are usually picked from the characters constituting the original
named entity. For example, “EIZ F5 1R EFP>is abbreviated to “El [ and “fﬁi”%ﬁ;“ A
Fﬁl” is abbreviated to “fﬁ%”‘ Tf[' > Which “characters should be selected generally
depends on the inner structure of the original named entity. Always taking the first

character of each inner component may obtain an acceptable precision. However,

there are many exceptions to this rule; for instance, “/7[*{k” is abbreviated to “[*
[5%,” not “ /= [€.” Sometimes a single abbreviation comprises not only the characters of
the original entity but also an affix denoting the abbreviating. For example, “[{i5 ”
represents somebody with the surname “[ifi.”

The second type is combined abbreviations. It means the abbreviation denoting
more than one named entity. Generally combined abbreviations are composed of one

character from each component entity, like “#~%,” denotes “+~= > and “3,~",” “ﬁﬁj

34” denotes “ F,'JL;%” and ﬁ\l.” In other cases, while the most significant or the most

23



meaningful character of each component is same, the combined abbreviation will

comprise this common character and an affixed number. For instance, “‘JI:’ﬁ[i;J” and “

7% are combined to “F‘xj‘]’#ﬂ ” “f%jﬁl » CHRIER ” and “FRE are combined to “ = #R.”
The third type is derived NEs. It is an overlapped area between derived words and

NEs. Sometimes NEs might appear as morphemic components of compounding

derived words, such as “Ff%” and “[ % E7.” They might appear as a subject (e.g.

“ﬁ]J =t 99

“S_E”), a modifier (e.g. “3 "), or an object (e.g. “F{% ). Besides compounding

ones, there are also merged NEs, such as “ﬁjflilﬁr” and a more complicate case “ &
E j‘/ms«L | »

There is some confusion with derived NEs. For example, ’Q_FL” and “7 1477 1="
could be interpreted as :F"I— / Tlj7=" and “3% / _’F‘L” respectively, but “7 PR |
if',,%;i” is difficultly to viewed asi™“% (FFEHxF liF, | W or “TFFERIR / f H’,Eff'\
= .” Splitting it or not is an implementing choice, both two ways have their
advantages and disadvantages.

In general, before the first appearance of the abbreviation, the original named
entities would be mentioned in advance in documents. Therefore we could generate
the possible abbreviations according to the original entities to help the recognition of
them. However, often cases are not so simple. Occasionally for some reason (e.g. the
document is too long), the full document cannot be processed at once. The original
entities maybe appeared long before the abbreviation did, so the relationship between
them cannot be found. In other cases, some abbreviations are so popularly used.
Writers may use them in documents directly without mentioning the original names

first (e.g. ot §Fi, HITFEBS%’). Without common sense, it is very hard to resolve this

kind of abbreviations.
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2.8. Translated Names

Translated names cover all subclasses above. There are translated personal names,
translated location names, translated organization names, and so forth. With or
without suffixes, almost all kinds of named entities may have a translated genuine
name. Almost all named entities appearing in translated documents are translated ones.
Processing named entities without handling translated names is just half way to
destination.

There are three ways to translate a foreign name into Chinese. The first, the
commonest one, is choosing characters with similar phonetic spelling to the original
foreign name, i.e. transliteration. For example, “Peter” becomes “f #d (Bi-De)” and
“New York™ becomes ‘7" 5~4(Niu-Yue).”

The second way, mainly oceurring with personal names, is to translate the foreign
name into a Chinese-style name withumote-ot-less similar pronunciation. This type of
translation generally occurs in two'situations. Firstly, in novel or movie, because it is
hard for Chinese to remember a long senseless translated name, in order to relief
audience’s burden and give a stronger impression on characters in the story,
Chinese-style translated names are sometimes introduced. For example, “Scarlet
O’Hara,” a character in Gone with the Wind, is translated into “#[I 131 (Hao Si-Jia)”
instead of “plI-{ E‘U—ﬁ lﬁﬁpﬁ}‘j (Shi-Ka-Li-Te O-Ha-La).” On the other hand, some
foreigners residing in China like to give themselves a Chinese-style name. For
example, the former AIT chairman, Richard Bush, has a Chinese-style name “ | ’ﬁﬁ
(Bu Rui-Zhe).”

The third way of translation, translating in meanings, mainly happens with aliases or
names of entities other than people. For instance, “Cinderella” is translated to “*ﬁ;‘{ﬁq
4L (Cinder Girl),” “San Francisco” is translated to “ =[] (Old Golden
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Mountain),”and “Microsoft®” is translated to “f%f{ (Micro Soft).”

2.9. Time & Quantity

Time and quantity expressions could be viewed as another type of derived words
other than those four we discussed before. A time or quantity expression usually can
be divided into four parts: ordinal prefix, numeral, qualifier, and unit suffix. Take “37
= % £)” as example, “57” is the ordinal prefix, “= - ” is the numeral part, “ %" is
the qualifier, and “ £}” is the unit suffix. There are many types of time and quantity
expressions. The main distinctions among them are possible range of numeral values,

repeating times of expressions, and order of unit suffixes. For example, “* |+ [ 17 is

a legal time expression, but “- = B[ [ 17 <A B F[= 1> or “= P14 F[” are not.
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Chapter 3 System Structure

3.1. Basic Concepts

In this paper, we try to imitate human behavior in the recognition of open-ended

named entities. (Unless there are specific denotations, “named entity” denotes the

open-ended ones in the rest of this paper.) We believe that, following humans’ thought

if possible, there are less chances of missing special cases. How do humans recognize

named entities? We found that even without context, humans can still tell if a string is

probably a named entity or not. We also assume that humans rely on context to verify

NE-like candidates. With context, they, could filter false candidates and find other

alternations.

To 1implement this idea, ~we propose  a three-phase framework: candidate

generation, filtering, and recovery, as-shown-in-Figure 3.1:

Input
Document

Lexicon

Statistical
Data

ﬁhree-Phase

\.

Framework Candidate Generator

J

7

\.

~

Lexical Analyzer

Segmentation
Checker

\

Phase 2|

\

—

Candidate Pool

Segmentation
Result

\_

Fig. 3.1 An overview of our system.
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In the first phase, all possible candidates of various kinds of named entities in the
input document are extracted. Notice that this process is inevitably both
over-generating and under-generating. Because of the filtering process, the candidate
extracting can be tuned to have a higher recall rate and to sacrifice precision a little
for a moment.

Statistical approaches are adopted in the candidate generation phase. The reason is
that names are given by people. Therefore, there is no exact answer if a string is a
name or not. The only thing can be judged is how likely the string is to be a name. As
for computers, to estimate the likelihood of names is basically a fuzzy problem. If a
character is more likely to appear in a name, it has a better fuzzy value. The detail of
how fuzzy logic and statistic estimation are applied will be discussed in the next
chapter.

The second phase of the system is false.candidates filtering. How do we verify
which candidates are true named entities-and-whichones are false? False candidates
are either a common word or composed. of fragments of common words and named
entities. The first case has less impact on subsequent applications. The second case
usually results ambiguous segmentations. Verification of these candidates could be
viewed as an ambiguity resolution problem. If we can judge which segmentation is
correct or more proper, we could also verify which candidates are true named entities.
Humans usually resolve this by common senses, shallow syntactical and semantic
analysis (i.e. contextual information), or deep syntactical and semantic analysis of the
sentence.

When it comes to computers, contextual information and built-in common senses
database can solve a part of the problem. On the other hand, it is difficult to perform a
deep analysis on a Chinese sentence. It is impractical to do deep analysis unless we

could ensure the correctness of it.
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Fortunately, because of the regularity of lexical choice of modern Chinese, many
simple approaches of segmentation ambiguity resolution have good performances. No
matter what simple methods it takes, heuristic rules or stochastic estimation, if there
are no OOV words, most lexical analysis methods show great precision in ambiguity
resolution as mentioned in Chapter 1. That is to say, if we got a high recall in the
extraction of NE candidates, most of the segmentation ambiguities caused by false
candidates are supposed to be resolved by conventional word segmentation methods.
We choose a heuristic approach, which is mainly driven by maximal-matching rules,
to resolve segmentation ambiguities.

The third phase of the system is the recovery. The recovery mechanism is used to
revive some obviously incorrect results of the first two phases. There are two major
target types to be recovered: over-segmentation. caused by under-generation and
under-segmentation caused by- over-generation., Through the detection of these
anomalies, e.g. a succession of-single-Character words indicating over-segmentation,

part of un-extracted named entities could be revived.

3.2. A Multi-Layered Framework

The three phases of our system is further split into a multi-layered framework as

depicted in Figure 3.2:

29



Multi-layered Framework

PER TRA LOC ORG

Layer 1.1

Layer 1.2

Layer 1.3

ABB *
Layer 1.4 ?
LA

Layer 2 . ‘

Layer 3 SC
Close: Close-ended NE Model SLOC: Whole Location-like NE Model
PER: Personal Name Model SORG: Whole Organization-like NE Model
TRA: Transliteration Name Model ABB: Abbreviation Model
LOC: Location Name Model LA: Lexical Analyzer

ORG: Organization Name Model SC: Segmentation Checker
Fig. 3.2 The multi-layered framework of ous-system.
In our framework, models in a same layet.are independent; different layers are also
independent except for the I/O relationship. The I/O interface among layer 1.1
through layer 2 is a candidate pool comprising extracted candidates, candidates’ types,
candidates’ counts, and candidates’ fuzzy values. The upper layers put their outputs
into the candidate pool, and the lower ones then acquire them from the pool.

The reason to adopt a multi-layered framework is that there are various kinds of
named entities, and each type of named entities has its own characteristics. It is
necessary to build one specific model for each type of named entities. If we combine
all models into one “big model,” there will be two major problems. First, it is
complicate to solve the competition among candidates generated by different models.
Second, there are many different types of named entities. We cannot build all models

at once. The one-big-model approach would make it difficult to add new models one
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by one.

Sometimes we do not want all models to be applied. The frequency and
importance of different kinds of named entities in documents in different domains are
varied. For example, in documents about tourism, the frequency and importance of
location names are far higher than them of personal names. In this situation, if we
could disable the personal name recognition model, the performance might be boosted.
A layered framework could retain the flexibility of enabling or disabling some model
individually according to different applications.

In our system, there is also a cascading relationship among different extraction
models, i.e. they have to be applied in order sequence. The whole NE candidates are
composed of genuine name candidates and specific suffixes, and the abbreviation
candidates are generated from the whole NE and genuine name candidates. Figure 3.3

shows the cascading generation-of .candidates:

Input sentence: “HA[[[RIZHFFERZEFE T RIBE” Candidates Pool:

Y

Genuine Name Extraction: “HI[[[BIEAHF20E EfEPR” P |l

Y

Whole NE Extraction: “Hr[l] Bl B2z iSRRI
A7

Y

Abbreviation Extraction: “HI[[BIEEAFEREFE R et | L)~ SRLRIERRHIERE ~ SRRIGE

l

FL ~ LR

Fig. 3.3 The cascading generation of NE candidates.
If the cascading relationship is layered, the control and data flows of the system are
more straightforward and easier to modify and maintain. It is also easier for us to add
new models on a proper position of the cascade structure if it is layered.

Lastly, if the system is layered, the resolution of overlapping ambiguities among

different candidates could be postponed to the next phase as a problem in general
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word segmentation. For example, to the sentence “#f] RLES Ry < 7, CERF U
would be recognized as a personal name, and “f[I[/|” would be recognized as a
location name. If the system is not layered, an additional mechanism is needed to
solve the overlapping ambiguity between these two candidates. However, in our
system, both candidates are retained in the generation phase and the ambiguity will be

solved by the lexical analyzer.

3.3. Data Collection

A large amount of data resources are needed for a computer to process natural
languages. These include lexicon or lexical information of words, syntactical and
semantic information, training data of statistic'miedels, database of common senses,
etc. A great deal of works must.be paid on data -collection. The quality and the

selection of training data have great impact-on-the performance of the system.

3.3.1. Lexicon Building

As we mentioned in Chapter 1, the first step of natural language processing relies
on lexicons. Because of the importance of lexicons, many previous researches
develop dictionaries of their own. Thus there are many lexicons publicly available.
Since the syntactical or semantic information are not necessary in our system, the
completeness of word collection is our major concern.

Two lexicons are combined to achieve the goal of complete compilation in our
system. The first one is How Net 1.0 developed by Dong & Dong (2000) [14], which
is free resource with bilingual lexicon of simplified Chinese and English. However

there are some pre-works needed to be done before we use it. First, the English part
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and the description of syntax and semantics are removed, and only Chinese words are
retained. Then the duplicate entries are discarded. Entries which are actually clauses,
not words, are also discarded. Finally, the simplified Chinese is translated into

traditional Chinese. After these steps, there are about 50,000 entries remaining. This

lexicon is used solely in the probability estimation method mentioned in Chapter 4.

The second lexicon is extracted from Sinica Corpus developed by CKIP (1995)
[12]. Sinica Corpus is a traditional Chinese corpus tagged with part-of-speech. All
words appearing in the corpus except named entities are collected. There are about

100,000 word types in it. This corpus could help us chiefly in two aspects. First, there

are Taiwanese idioms in Sinica Corpus, which do not appear in How Net. Second,

most of often seen derived words are tagged in Sinica Corpus. Derived words are

generally not compiled in lexicons: The combination of these two lexicons contains

about 125,000 word entries.

The basic knowledge needed by each-medel; likepossible suffixes of location and

organization names, is also compiled in the lexicon. Besides the collection of words,

we also need a tag to encode their features. A 16-bit tag, or an integer, is used to

denote the type of the entry. Each bit with a true value indicates that this entry is a

member of the corresponding type. The meaning of these bits is listed in Table 3.1:

Table 3.1 The meaning of 16-bit lexicon tags.

bit 0 bit 1 |bit 2 Bit 3 bit 4 bit 5 |bit6 bit 7 bit 8~15

Common|Place [National|Location-like Business|Affair|Organization-like|Quantitative|Reserved

Word  |Name|or Area |Suffix Type Type [Suftix Unit Fields
Name

Take an example, “E!” is a common word, a location-like suffix, and a quantitative

unit, so the value of its tag is (20 + 23 + 2*7 = 137). The reason that we need these

fields for each individual model will be discussed in the next chapter.
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3.3.2. Training Data

Statistic models are based on training data. Quality of training data also influences
the quality of statistic models. Since there are no ready-made training data, samples
we use are all collected from the Web.

There are three pieces of data used in the personal name model. The first one is
the statistics of the number of families for each surname in Xiamen (’E ff) city [45].
The second one is a collection of about 20,000 personal names in Taiwan, which is
randomly collected from the Internet. The third one is the name list of examinees of
Taiwan's Joint College Entrance Exam in 2003.

The reason to use the statistics of surnames in Shamen is that there are no
ready-made data about surnames: tn Taiwan available on the Internet and the
distribution of surnames in Shamen.is similar to that in Taiwan. The second piece of
data is used in the training of-the given-name model and the third one is used to
complement rare surnames and adjust the statistical bias of them.

The reason why we used the second piece of data instead of the third one in the
training of given names is that the style of naming is greatly affected by the fashion of
the times. Names of some specific ages cannot represent the naming distribution of
whole population. For example, almost no teenagers currently in Taiwan are called

As to transliteration names, about 20,000 transliteration names are collected,
which include names of all country in the world, major cities and places, historic
personages, and others.

Names of administrative division at town level (%) in Mainland China and
division at village level () in Taiwan, totally about 20,000 names, are used to train

the location name model.
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There are two steps in the collection of organization names. In the first step,
names of all listed companies and companies registered in a portal site are collected as
seeds of gathering more training samples and to obtain three kinds of organization
suffixes (business types, affair types, and organization types). These seeds are then
used to acquire company names from the web site of ?}?’?‘?ﬁﬂﬁﬂi F{J. We collected
about 100,000 company names as the real training sample.

Other necessary data, including location-like-suffixes, quantitative units, and most

organization-like suffixes, are all handcrafted with dictionaries.
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Chapter 4 Named Entity Candidate Generation

The candidate generator is used to extract all possible named entity candidates in
input documents. There are four layers in the candidate generator to handle four sorts

of NEs: close-ended NEs, genuine names, whole NEs, and abbreviations.

.....
L ——— T L
.......

JatBiE
Close-ended NE Recognition Model
/ [ r@g‘ LI%‘\ Close-Ended NE Candidates

Genuine Name Candidates Recognition Model

Genuine Name Candidates
Chinese Personal Name Transliteration Name /
Model Model

Location Name Organization Name
Model Model

------------------‘O’-------..----"EY‘?J;Z

[ Whole NE Candidates Recognition Model } Whole NE Candidates

,O, Layer 1.3 \
SN NSNS EEEEEEEEEEEN SEEEEEEEEEEEEEN L3
Layer1.¢

[ Abbreviation Candidate Generation Model }/ Abbreviation Candidates

Fig. 4.1 The overview of the candidate generator.

The first layer is the close-ended named entity recognition model. Numerical
expressions in input documents are extracted here. Since the extraction of close-ended
named entities is not the focus of this paper, and previous researches [22] have solved
this problem very well, a single simplified rule is applied to recognize most of
close-ended named entities in our system. The rule we use is as follows:

[“2T] + (Numerals)” + [Qualifier] + [Unit]
The set of numerals also comprises decimal point “.”” and percent symbol “%” besides
0 to 9. Time expressions could also be covered by the above rule, where time units
like “*|”, “[1”, and so on, are viewed as a sort of quantitative units. Therefore, “1999

& 3 F] 4 [1” will be treated as “1999 & /3 | /4 [1”. This simple rule cannot cover
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all close-ended NEs, of course. However, our focus is open-ended ones. The purpose
of this rule is just to prevent unrecognized close-ended NEs affect the performance of
the recognition of open-ended ones.

The rest three layers are all responsible for the recognition of open-ended NEs.
The second layer mainly takes statistical approaches to recognize genuine names.
There are many different types of named entities. Many sorts of them rarely appear in
the document. Therefore, these names are also less important. It is not worth to build
models for each type of these names. First, the effort we paid is not proportioned to
the effect we got. Second, because the appearing frequency of these names is very low,
adopting specific models for them might not improve total performances lot.

However, suffixes are strong features. They are easier to be recognized, and
chances of error recognition are:comparatively. low. Therefore, a compromised
method is adopted that only models.for four kinds. of-genuine names are implemented
at present in our system. They are’personal-names, transliteration names, location
names, and organization names. These four kinds of genuine name candidates would
be used to form various types of NEs with corresponding suffixes in the third layer.
For instance, if a personal name candidate is followed by a publication suffix, they
will be recognized as a whole publication name, like:

“ A A1 (personal name) + “L%ki%f'”(publication suffix)
> “EAY /gjf " (publication name)

In the third layer, for the same reason above, all NE suffixes are roughly classified
into three categories: ones with similar corresponding genuine name types to location
suffixes, ones with similar corresponding genuine name types to organization suffixes,
and others. The first category covers all location names, racial names, etc. The second
one comprises all organization names except for racial names, facility names,

publication names, part of miscellaneous names, etc. The third one includes feat
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names, culture names, and so on. Among these three categories, only the first two are
addressed by our system. These two categories are called “location-like NE” and
“organization-like NE”. Names belonging to the same category will be addressed by
the same corresponding model. There are two main advantages following this way.
First, the times spent on designing models and collecting data is saved. Second,
confidence brought by suffixes could alleviate the deviation on statistics brought by a
compromised approach.

Named entities extracted in the above two layers are used to find possible
abbreviations in documents in the fourth layer.

The generic statistical estimation methods for genuine name models are discussed
in Section 4.1 and genuine name models are described in Section 4.2~4.5. Whole NE

models are addressed in Section 4.6~4.7. Section 4.8 states the abbreviation model.

4.1. Fuzzy Logic and Statistic Estimation

As we mentioned before, the recognition of genuine names is basically a fuzzy
decision problem to computers. There is no exact right or wrong answer for a string to
be a name. The only problem is how likely it is. Fuzzy values represent strings’
likelihood or properness to be a name. Since Chinese is a character-based language,
methods of estimating fuzzy values are generally also character-based. Names are
composed of several characters. There are several ways to transform the member
characters’ fuzzy value to the string’s fuzzy value.

If we try to imitate humans’ thought, the first idea might be neural networks.
Regardless of the network adopted, multi-layer perceptron or support vector machine,
it is actually a fantastic idea. However, in natural language processing or named entity

recognition, neural networks have their inherent drawbacks.
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To use neural networks, we must encode Chinese characters first. The frequently
used Chinese code is Big-5. Big-5 is encoded according to the number of strokes and
the order of radicals. There are few semantics and syntax information involved in the
encoding of Big-5. Therefore, two characters with similar Big-5 codes might be very
different in their properties. If we use Big-5 code for training directly, many layers
and percetrons are supposed to be needed. It is hard to design such networks, and the
training time and performance might not be satisfying. Another problem caused by
using Big-5 code directly is the data-sparseness problem. While a similar encoding
does not mean a similar meaning, the properties of characters that do not appear in the
training data are very likely to be wrongly judged by the network.

Because of the problem with neural networks, stochastic language models are
usually adopted to estimate the likelthood of a candidate to be a named entity. The
fundamental principle is that the string with  a-higher probability or frequency to be a
name has a higher fuzzy valueor likelihood--There-are several ways to estimate the
fuzzy value of a string from the “statistic data ‘based on characters. These models
include Markov models, bi-gram models, unigram models, etc.

Each model has its advantages and disadvantages. Generally speaking, more
complex the model is, more precisely it estimate, and more training data it needs.
Besides that, the data-sparseness problem is more likely to happen. The amounts of
features of different types of named entities are varied, so each type has its own
best-fit model. In this paper, to simplify data collecting and training, the unigram
model is adopted. Additionally, some supplementary information such as positional
feature is exploited to support statistical models.

Generally there are two major ways to estimate the fuzzy value of a single
character. The first one uses frequencies, i.e. characters’ counts in named entities in

the training corpus:
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freq(typ|c)=counts(typ, c)
The other one is using the probability, i.e. characters’ counts in named entities
dividing by the total counts in the training corpus:
prob(typ|c)=counts(typ, c)/counts(c)=freq(c)/counts(c)

For example, if the character “[{{i” appears for 2,000 times in the training corpus, and
among these 2,000 times it appears as a surname for 500 times, then the frequency of
“[ffi” as surnames will be 500 and the probability equals to 500/2000=0.25 on the
other hand. Both frequencies and probabilities have their advantages and
disadvantages.

Frequencies stand for differences among naming-characters. They represent
popularities of characters to be used in names of some type. If some character is used
in more names, it has a higher frequency. For example, since “f” is used in more
given names than “f}”, “{4” has a higher frequency-being given names than “f/”. If
frequencies are used as fuzzy values;-a higher.recall will be obtained with common
names like “[{t & [ and “FF3_ED7; because eommon names will have a higher fuzzy
value through this way.

Probabilities stand for differences among all characters. They represent
possibilities of characters to be used in a name of some type. If some character
appears more frequently in names than in common words, it has a higher probability.
For example, since “f)” is very rarely used in common words and on the contrary
“f42> is an often seen character in common words, “f/ has a higher probability being
given names than “{%&”. If probabilities are used as fuzzy values, a higher precision
and a higher recall will be obtained with rare names like “? 1 FEE” and TR
However, it has a lower recall with common names comparing with using frequency.

Table 4.1 shows several normalized frequencies and approximate probabilities of

several characters being given names as examples to explain the above statements:
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Table 4.1 Normalized frequencies and approximate probabilities of several
characters being given names.

Character (Common Common Normalized  |Approximate
naming character? |[Frequency Probability
character?

& YES YES 0.85 0.61

7/ YES NO 0.68 >0.99

i NO YES 0.10 <0.01

il NO NO 0.10 >0.99

Above frequencies are computed from our training data, which would be detailed in
following paragraphs, and these probabilities are estimated from part of Sinica
Corpus.

A hybrid statistics is adopted in our system to take advantages of both frequencies
and probabilities. With common naming-characters, frequencies are adopted to get a
higher recall rate with common names. With rare naming-characters, a probability
model is adopted to complement frequencies’ insufficiency with rare names. The
resulting model looks like:

/ (typlc) = Max{ fireq(typ|c), prob(typ|c) }

The major difficulty with using probabilities is that it is hard to estimate the
probability of some character to be used in a name. Comparing with frequencies, the
estimation of probabilities needs a real training corpus. It is easy to collect ten
thousands or hundred thousands names, but much harder to acquire a training corpus
which contains ten thousands or hundred thousands names. Even if we successfully
obtain a huge corpus with hundred thousands names, it is difficult to ensure whether
the corpus is balanced. The density of names in documents is greatly varied in
different domains. The sampling of training corpus also affects the statistic result very
much. Even if we can ensure the balanced sampling of corpus, the locality problem
still cannot be prevented. While a name appears in a document, it is very likely for
this name to reappear in the same document. This causes the probability of some
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rare-used characters to be over-estimated.

Because of the difficulty in estimating probability mentioned above, we propose
to use inverse common frequency model to approximate the probability model:

icf(c)=1/(freq(common word|c)+1)=1/(counts(common word, c)+1)
Probability models are mainly used to estimate the probability of rarely seen events.
To rarely seen events, usually:
counts(common words, c) = counts(~typ, c)
And:
counts(typ, ¢) <2

In this case, icf(c) is approximate to prob(c):

prob(c) = counts(typ,c)/(counts(typ,c)+counts(~typ,c)) where counts(typ,c) <2

=~ 1/(counts(~typ,c) +1) = icf(c)
Further, we assume that counts(eommon wordy.c) is in direct proportion to the number
of lexicon entries in which the character.c-appears, i.e. morphemes that are more
frequently used in word-formation are-also.mote frequently used in real documents.
Under these assumptions, we use inverse lexicon counts to approximate the
probability model:
ilc(c) = 1/(Num_of Lex Entries(c)+1) = icf(c) = prob(typ|c)
For example, if we have four lexical entries contain the character “ =, such as { I,
ADV}, { F, V}, {j—’F"[, V1 and { F2&, V}, then prob(typ| /)=1/(4+1)=0.2. Because
prob(typ|c) is ranged from 0 to 1, freq(typ|c) also needs to be normalized to 0 to 1.
The distribution of raw data of freq(typ|c) is conformed to Zipf’s Law [45], that:
P, = 1/n", where P, is the frequency of occurrence of the n™ ranked
item and a is close to 1.

Values with often seen characters are too high and the distinctions among low

frequency characters are not wide enough.
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Therefore, the logarithm function is taken on the raw data to smooth the

distribution curve, and then the result is normalized to 0.1 to 1.
Jreq * (typ | ¢) = Norm(log(freq(typ | ¢)))

Notice that the lower bound of freq(typ|c) is set to 0.1, not 0. This is because the
meaning of events that appear once is greatly different from the meaning of unseen
events.

Our final character likelihood model looks like:

/' (typlc) = Max{ freq*(typlc), ilc(c) }

4.2. Personal Name Model

The personal name model i$ responsible’ for ‘the generation of personal name
candidates. In this paper, we will"only focus on the recognition of formal Chinese
personal names. The same principle could be‘adapted to other formal hanzi names in
different countries and dialects such as Japanese and Korean simply by changing the
set of surnames and statistic data that represent the preference of given names.

A formal personal name is composed of surname + given name, and there are
usually appellations or human-subject verbs following it. Therefore, there are three
major features to recognize formal personal names:

W Surname (e.g. “[fi”, “= 7, “&”)
B Given name (e.g. “Z.JF”, Y75, «“f4.)
B Appellation and human-subject verb (e.g. “H % 7 “F=7.7, «“s”)

There are more than 3,000 Chinese surnames, but most frequently used 500
surnames cover more than 99% of populations [47]. Preferred characters that would

be used in given names are limited. The set of appellations and human-subject verbs
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is also limited.

To simplify our model, only first two features are exploited in this paper, and we
assume that choices of surnames and characters of given names are independent.
Therefore, a unigram model is adopted to estimate the likelihood of a string to be a
personal name: (Capitalizations are used to discriminate the likelihood of a string
from that of a character.)

L (PER|s) =ArgMax { £ (SUR|s1) *2(GIV|s2) } for every substring sl and s2, where
s=sl +s2, “ « " denotes the string concatenation

Chinese surnames are either one or two-character long. Sometimes married
women would add their husband’s surname in front of their surname. However, things
are slightly different with people with a plural surname. First, there are few people
with a plural surname. Second, these people usually would not add their husband’s
surname in front of their surname.. Therefore,we restrict the combinations of Chinese
surnames in three:

1. single surname
2.  plural surname
3. two single surnames

The likelihood of surname is defined as:

when s is constituted of one

/(SUR|cl) character
L(SUR|s) = 3 MaxtAvg(/(SUR|c1),/(SUR|c2))./(SUR|clc2)) "er S IS constituted of two
0 when s is longer than two

characters

where //(SUR|c) is a little dissimilar to other character likelihood functions. Because
we use inverse lexicon counts to approximate probabilities, every character has a
non-zero probability. However, surnames are not arbitrarily given. Probabilities of
some character to be surnames are actually zero. With these characters, the original

estimation method might cause unnecessary over-generations. To prevent this problem,
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only surnames appearing in our training data are adopted as correct surnames. The
estimating methods mentioned in the previous section are applied on these surnames.
Other surnames are assigned a likelihood of zero.

There is another consideration for the robustness of the model. Unseen surnames
are supposed to be assigned a likelihood lower than one, and the recovering
mechanism still has chance to recognize it. However, practically there is very little
difference between assigning a zero and a low likelihood, so the zero likelihood is
assigned in this paper.

Chinese given names are either one character or two characters long. Therefore,

{(GIV]s) is defined as:

when s is constituted of one

/(GlV\el) character

when s is constituted of two

L(GIV]s) =4 Avg(/(GIV|cl), 4(GIVIc2)) o=l

0 when 5.is longer than two characters

Some researchers proposed to use-statistics of single given name, the first
character of double given namés, and the last character of double given names
separately [44], or exploit sexual information [5]. It needs triple training samples to
take the first way, and it is not easy to collect thousands of single given names. If the
second way is followed, we still need double samples. Usually the names collected
are not classified by genders and it is a tedious task to classify them.

In fact, through our experiment, the precisions that might be gained by separating
first character from second character or male from female are very limited. Nearly no
false positive errors with personal names in our experimental results could be solved
by exploiting positional or sexual information. That is because there are generally no
explicit positional or sexual features with the frequently used characters that are often
wrongly recognized as a part of personal names. Therefore, the simplest statistical

counts are taken in this paper. Part of /(SUR|c) and /(GIV|c) are listed in Appendix B.
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Notice that no matter with surnames or given names, the average of likelihoods of
characters is taken. The geometric mean function, i.e. avg(a, b) = (a*b)"’ , is applied
to compute the average. Arithmetic means, i.e. avg(a, b) = (a+b)/2, emphasize too
much on frequently used characters. As Fig. 4.2 shows, if one of two characters is a
frequently used character, the likelihood of this string would easily exceed the
threshold we set. It is contrary to the result we hope for. We hope that, if one of two is
a very rarely used character, the likelihood of the string is supposed to be lower than
our threshold. Geometric means are more closed to this target than arithmetic means,
and harmonic means, i.e. avg(a, b) =2ab/(a+b) , emphasize too much on rarely seen
characters. For example, “% FF[}< ﬁ“%ﬁf By *[ﬁj%‘:”’, obviously “*[ﬁj” is much more
like a given name than “FFJ<”. We know that /GIV|/”))=0.938, AGIV|)~2)=0.012,
AGIV| %)=0.553, and AGIV] #7/) =0:324. If arithmetic means are adopted, L(GIV|}/*/)<%)
= (0.938+0.012)/2=0.475 > _AGLV] *ﬁﬂ =+0.553+0.324)/2 = 0.439. However if
geometric means are adopted, AGIVI/4Z) = (0.938%0.012)"°= 0.110 <_AGIV| ﬁﬁﬁﬂ

= (0.553*0.324)"° = 0.423.
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Fig. 4.2 Curves of three different mean function of Avg(x,0.5).
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The functions mentioned above infer that the value of £{PER|s) is between 0 and
1. In fact, most of £{PER|s) of often seen personal names are between 0.4 and 0.8,
and /{PER|s) of strings which are not Chinese personal names is usually under 0.3.

Table 4.2 _/’(PER|s) of several strings.

s _(PER|s)
% BrH 0.5325
[ 0.5328
R 0.6425
IREUE 0.6425
s 0.2774
R A 0.1045
2R 0.1612
R 0.0811
e K 0.1351
- 0.0472

A simple experiment is designed to decide the threshold of /{PER|s) between
personal name candidates and rest ones. £(PER|s) of personal names of all training
data and all possible fragments of every entry in. lexicon are computed first. Then we
estimate what threshold value should be‘to maximize the weighted f-measure of the
recall rate of the training data and the excluding rate of lexicon entries. Weighted

f-measure is proposed by van Rijsbergen (1979) [34]:

Fo_ (b>+1)ER

" bE+R
E = excluding rate = # of false negative / # of false
R = recall rate = # of true positive / # of true

Because appearing frequencies and importance of personal names in documents are
different from them of common words, and we do not have a large corpus tagged with
named entity types to adjust type and token frequency difference, the weight b of
f-measure function is set to 0.5, i.e. common words are twice important than personal
names. The figure of the distribution of /{PER|s) and the curve of weighted

f-measure Fy 5 is showed below:
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Fig. 4.3 The distribution of /{PER|s) and the curve of weighted f-measure F s.
According to experimental results, the maximal f-measure is located at the threshold
value 0.26. Therefore, we set the threshéld of personal name model to 0.26. Every
string with a /{PER|s) over 0.26 will be treated as personal name candidates and
going to be filtered by the lexical analyzer. To-address the true ones which have its
/{PER|s) under 0.26, a remedial method is applied besides the recovering mechanism.
The reoccurrence in the document is employed to boost £{PER|s) of the string. The

following function is adopted to make use of reoccurrence:

[*(PER‘S):[(PERLS,) * kReoccurrence(S)

2 when the length of the input document
k= is less than 400 characters

1+400/LEN(Document) elsewhere
If the £{PER|s) after boosting is over 0.26, this string will be added into personal

name candidates. Notice that k is decreased when the length of input document is
longer than 400 characters to prevent reoccurrences of frequently used words from

causing false detecting. This function is also applied on other kinds of named entities.
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4.3. Transliteration Name Model

The transliteration name model is responsible for recognizing transliterated
genuine names. As we mentioned in Chapter 2, there are three types of translated
names. This model only addresses the phonetically translated, or transliterated, ones.
The Chinese-style ones could be solved by a similar model to personal name model,
and the translating in meaning ones are a much harder task to overcome and it is
beyond the scope of this thesis.

Phonetic type of transliteration names is usually composed of sequences of
meaningless characters. Therefore, there are no obvious morphological features in the
internal structure of transliteration names, and the variation in length of them is
relatively large. (Comparatively: speaking, other genuine names are usually
constituted of one to four charactets; however a transliteration name may be as long
as nine characters, such as ““¥ o S fEE S2% (Alex Rodriguez)”.)

To simplify our model, we assume. that likelihoods of component characters of
transliteration names are independent to one another. Thus a unigram model is used to
recognize transliteration names:

ATRA|s) = Avg(/(TRA|ck) ) where S=cl...cn

k=l..n
Since the number of characters that will be used in a transliteration name is
limited, //(TRA|c) is estimated in a similar way like surnames. First, all characters
which are possible to appear in a transliteration name are sieved out by hand. Then
ATRA|c) where c is outside of this set is set to zero. Characters belonging to this set
but not appearing in training data are given a low /(TRA|c). The general estimating
method is adopted to compute /(TRA|c) of characters appearing in the training data.

Harmonic means are adopted in the transliteration name model to compute
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Avg(/{TRA|c)). Because transliteration names may be very long, using arithmetic
means or geometric means might cause the characters nearby long sequences with a
high £{TRA|s) to be wrongly attached to the sequence. Therefore, the transliteration
name model needs to put more emphasis on the low / (TRA|c) of rarely used
characters than other models do. For example, if arithmetic mean or geometric mean
is used on “['{éi%éﬁi,%%‘?ﬁ”, the common word “#” would be wrongly attached to “fj!
£ and “59%)” because of the high /{TRAls) of them, and thus the system will
incorrectly recognize “fp i 157%” as a whole transliteration name.

Table 4.3 _/’(TRA|s) of several strings.

s {TRAs)
A A 0.714
T B 0.748
SERREI= 2 0.733
AP Ik 0.648
B 0.550
e ] 0:744
Gt 0.678
e 0.562
iR 0.164
SRk 0.222

The threshold of /{TRA|s) is estimated in a similar way to personal names.
However, the weight b of f-measure function is set to 1/3 instead of 1/2. That is
because the frequency of transliteration names is much lower than other types of
genuine names. The best threshold thus obtained is 0.51. The figure of the distribution

of similarities and the curve of f-measures is showed below:
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Fig. 4.4 The distribution of £{TRA|s) and the curve of weighted f-measure Fj 33.
Generally speaking, because .the' number of characters used by most

transliteration names is less than 500, -unigram’ models have little problem with
recognizing the boundary of these names: However there are several common words
with a high /(TRA|c), as “Zd2, “fﬁi‘”, etc./When these words are adjacent to
transliteration names, they might be wrongly recognized as part of transliteration
names. This kind of situations might result lexical analyzer cannot correctly filter out
the false candidate. For example, “Mf #C=TY T Jﬁ%” has at least three possible
segmentation:

L Apff o S F |76

2. HPHE Tt

3. fpPHEEY E)E
Case 1 will be filtered out correctly by the lexical analyzer driven by maximal-
matching rule, however, case 3 might be wrongly chosen because the common word
“Zrd” is appended by the transliteration name “ﬁ?ﬁfﬁ”. In order to solve this

problem, a filtering process must be done first in the transliteration name model.
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There are two possible ways to follow. The first one is to detect the appearance of
common words in the two ends of transliteration names and remove them. This is a
simpler way, but it is not rational in practical. Because, in fact, “fff #f<F =¥ i J%}” is
a correct segmentation syntactic or semantic wise. We consider that the case 2 is the
correct one just because “f #4F” is a familiar name to us.

Computers do not have common senses, so the reoccurrence feature must be
exploited to handle this vague situation. Therefore, a concept called “team”, which is
based on the reoccurrence feature, is introduced to solve the attaching problem.
Basically, all substrings of possible transliteration name candidates with a length more
than 1 are also possible candidates. Hence all transliteration name candidates can be
grouped into feams according to their longest common superstring candidate. For
example, “7; ", R fﬁ”’ ‘TE R S Fl‘fErJ”, “F‘TETJH ” and “% ﬁ‘fg’rjﬂj ” have a
longest common superstring candidate, “% f* ﬁjﬁj 7,s0 they belong to the same feam
and “% f’ TETJLJ ” is called the ““leader’ of the feam. If all appearance times of
candidates are marked up, a team can be represented as:

Tieaser-i1 = {F[S), [T {216), T FE, 7 {26) FHE-@)
Notice that the appearance times of superstrings are inevitably less than that of
substrings.

The following algorithm is then applied:

1. Subtract leader’s appearance times from each team member

2. If the leader could be split into candidates with non-zero appearance times

after subtraction and multisyllabic common words or frequently used
monosyllabic words, discard the /eader and members whose appearance
times being subtracted to zero

3. Form new teams comprised of remaining candidates with new leaders

4. Repeat step 1~4, until no candidates could be discarded
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For the above example, after step 1, the result will be:
B, {EA, @, FEEO), FERIa, F o)
Then step 2 is followed. Since “% ['” & “ﬁﬂj” can form “% FI”rErJﬂJ A FI”rErJﬂJ ”

)

and “% fi [ET will not be kept in the candidate list. The remaining candidates would
be:
B, fia@, Je@, { )= Teesr U e
Step 1 1s repeated with the team Tieager—r771. After subtract the leader’s appearance
times, the result will be {fg‘rjﬂj 1, TETJLJ (0)}. The character “i'” is looked up in the
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lexicon. Because “fi'” is a frequently used monosyllabic word, “FI*FErJﬂJ ” will be
discarded. Thus, the remaining candidates will be {% [ ﬁﬂj }, that is just the result

we want.

4.4. Location Name Model

The location name model is mainly. used to-extract genuine names of locations
from documents. Location names are basically a more closed set than other kinds of
named entities. Most of often seen location names could be collected. As we
mentioned in Section 3.3, a lot of Chinese administrative division names and foreign
national names are collected in our system. Most foreign location names can be
handled by transliteration name model, but there are several foreign location names
not translated in phonetic spellings, like “§"435” and “£ = [!]”. Because these names
are usually named in Chinese style, many of them can be correctly recognized by the
location name model.

Most Chinese location names are constituted of one to four characters. With
genuine location names constituted of one character or four characters, only the

collected ones or the whole NEs with suffixes would be identified. Hence our location
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name model only recognizes location names of two or three characters. Since the
statistical distributions of characters in different position of location names are greatly
varied and many of commonly naming characters of locations are also common nouns,
a different way from above two models is taken to build the recognition model. The
statistical data of leading characters and following characters of location names are

estimated separately. Therefore a unigram model with position dependency is

adopted:
/(LOCL|cl) * /(LOCF|c2) when s = clc2
L(LOCls) =4 /(LOCL|cl) * /(LOCF|c2)* /(LOCF|c3) when s=clc2c3
0 elsewhere

During training, monosyllabic location names are viewed as leading characters,
and the component characters of four-character-long location names are counted as
leading, following, leading, and following respectively. The generic character
likelihood function is adopted to &stimateboth’4(LOCL|c) and /(LOCF|c).

Table 4.4 Z2/(LOC]s) of several strings.

s ALOC|s)
At 0.3882
iES 0.2596
i 0.3877
BN 0.7704
B 0.3045
gt 0.5729
Iy 0.6094
TN 0.4013

M| 0.2549
B[ 8 0.1496
E=l 0.2724
- b 0.1908

Since the positional information is used and thus causes the computing functions
of two- and three-character-long names to be diverse, different thresholds are
supposed to be set in different cases. Experiments similar to what above two models
have done are applied to two- and three-character-long location names. The weight of
f-measure function is set to 1/2 and 1/3 respectively. The best thresholds thus estimate

are 0.24 and 0.14. The resulting statistical distributions and f-measure curves are
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figured below.
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Fig. 4.5 (a) The distribution of £{LOC]|s) where s is two-character long and the curve

of weighted f-measure Fs.

(b) The distribution of LOC|s) where s is

three-character long and the curve of weighted f-measure F 3.

4.5. Organization Name Model

The organization name model is mainly responsible for the recognition of various
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kinds of genuine names of organizations. Besides these, genuine names of several
named entities of title and miscellaneous type with suffixes are also the target of the
model. Hence this model is more precisely called “organization-like genuine name
model”, as we have mentioned before.

Among the four types of genuine names that would be dealt by our system, the
recognition of organization names is the hardest one. The problem is that there is
nearly no internal structure within a genuine Chinese organization name, and the
statistical feature is not obvious, too. Even worse, the most frequently used naming
characters of organizations are also the ones that constitute the most frequently used
common words. (In fact, it is very usual for common words to be an organization
name.)

Except for racial names, organization names usually comprise two to four
characters. (The name part of racial names.is classified into location-like name in
recognition instead.) Four-character-long-erganization names are often composed of
two names or a phrase; to recognize.the former, a downward layer using simple
rule-driven methods is more suitable; to the latter, the performance of recognizing
them with statistical model is not satisfied. Therefore, similar to location name model,
organization name model only focus on names constituted of two or three characters.
The positional information is also used to assist the recognition of organization names.
Thus, the organization model is just a little bit different from location name model in

the exploiting of positional information with three-character long strings:

/(ORGL|cl) * /(ORGF|c2) when s = clc2
L (ORGl|s) = /(ORGL|cl) * /ORGL|c2)* /(ORGF|c3)  when s=clc2c3
0 elsewhere

The generic character likelihood function is also adopted to estimate //(ORGL|cl)
and / (ORGF|c2). Through a similar experiment to above models with f-measure

weight 1/2 and 1/3 respectively, the thresholds of two- and three- character-long
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organization names are set to 0.2 and 0.1. The statistical distributions and f-measure

curves are drawn below:
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Fig. 4.6 (a) The distribution of Z{ORG]|s) where s is two-character long and the curve
of weighted f-measure Fs. (b) The distribution of {ORG|s) where s is
three-character long and the curve of weighted f-measure F 3.

The best f-measure and the corresponding excluding rate are about 0.88 and 0.90
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with two-character-long organization names, and about 0.96 and 0.98 with
three-character-long ones. It is very obvious that the excluding rate and recall rate of
organization names is much lower than other models. A heuristic strategy is adopted
to alleviate the false detecting problem. If the first or the last character of some
three-character-long candidate is a monosyllabic word that often appears adjacent to a
name, as “F]fjﬁﬁ\l” and “fJ ,’ﬂ,ré"?”, this candidate will be removed from the candidate

pool.

4.6. Location-like NE Model

The location-like named entity model is used to recognize whole location-like
named entities. As we mentioned.before, location-like NEs denote NEs with similar
corresponding genuine name types.'to locatien suffixes. These include all types of
location names and racial names. The corresponding genuine name types comprise
location and transliteration name candidates. Therefore, basically we use a simple rule
to recognize whole location-like NEs:

Location-like NE = (Location or Transliteration Name Candidate) + Suffix

Because suffixes could provide confidences, if the likelihood of location name
candidates is over half of the original threshold of 2(LOC]s), the rule will be applied.
(Transliteration name candidates do not practice this rule.) For example, /" (LOC| “ /%
Z+”) is only 0.217, which is lower than the threshold of location name, 0.24. However
if “j¥E” is followed by the suffix “[[”, since £"(LOC| “j7¥5") is more than 24/2=12,
“iell” will be added into the candidate list of whole location name accordingly.

Some often seen location-like suffixes are listed in Appendix C.
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4.7. Organization-like NE Model

The organization-like named entity model is responsible for the recognition of
whole organization-like named entities. As we mentioned before, location-like NEs
denote NEs with similar corresponding genuine name types to organization suffixes.
These include all organization names except for racial names, facility names,
publication names, part of miscellaneous names, etc. The corresponding genuine
name types comprise organization, transliteration, and personal name candidates.

The situation with organization-like NEs is more complicate than that with
location-like NEs. The internal structure of a whole organization named entity is
much more complex than other NEs [19]. Besides the simplest suffixes denoting the
type of NEs like “’* _F[J” and “E’éﬁ”, sometimes there are other suffixes or prefixes
describing the properties of NEs, such as ‘il FF%QE: z F[J” and “BFENE & £ 'K
L= ff;'ﬁl”. Usually these descriptive affixes are-also common words related to the type
of NEs it describes; moreover, genuine names of organizations are more similar to
common words than other named entities; hence the confidence that could be brought
by descriptive affixes is limited. Concerning “BH[5E |44 and “f‘,?ﬁ%!fg’, SR
the appearance of descriptive affixes instead increases the chance of being wrongly
recognized.

Since descriptive prefixes are rarely used in documents unless very formal
situations and they could be treated in a similar way to suffixes, we only focus on
descriptive suffixes in this paper. Generally speaking, descriptive affixes can be
divided into two types. The denotations of company names are borrowed here: one
type is called business description and the other is called affair description. The
distinction between them is that the former denotes a more concrete and specific item,
and the latter represents a more generic category. For example, in “’F' RLISkEE &t
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fﬁﬂ 5L F{J ”, “ﬁﬂﬁi@” is a business description and “~7 3 is an affair description; in
“’F’ ENILIE [ﬁji’ o ﬁ”, “FFi7” is a business description and “f¥3 ” is an affair
description. Generally business descriptions are put in front of affair descriptions; thus

we mainly use the following rule to recognize organization-like NEs:

Organization-like NE = (Organization Name or Transliteration Name or

Personal Name Candidate) + [Business description] "
+ [Affair description] " + Typing suffix

Some often seen organization-like suffixes are listed in Appendix C.

The confidence that could be brought by the three kinds of suffixes is different.
Here we consider the confidence as a “magnification”, i.e. suffixes with a confidence
n could bring additional n-times of /{LOC|GenuineName). For example, if the
confidence of the suffixes is three, it-only needs quarter of the original likelihood to
go beyond the threshold that allows & génuine name to be attached with these suffixes
to form a whole NE candidate. In other words, the confidence of location-like suffixes
mentioned in previous section“can”be view as one. The threshold of whole
organization-like NE candidates is set as same as that of genuine names (0.2/0.1).

Because of the problems mentioned before, the confidence of three types of
suffixes is set as follows. Business descriptions cannot bring any confidences; affair
descriptions longer than one character have a confidence of one; typing suffixes
constituted of two characters or monosyllabic ones that appear together with one of
other two types of suffixes have a confidence of one. Typing suffix longer than two
characters could brings twice of confidences. For instance, the confidence of ‘A {E
BTN R s

1 (genuine name) + 0 (business description) + 1 (affair description)
+ 2 (typing suffix) = 4

That is to say, as long as Z{LOC| “Z#E") is more than 0.2/4 =0.05, “E2 4 [HFEH 155
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?J [RLot F{J” will be added into the candidate list.

4.8. Abbreviation Model

The abbreviation model is used to recognize abbreviations and some
rule-recognizable aliases. A simple rule-driven approach is applied to complete this
job. Except for non-suffixed transliteration names, all other kinds of candidates
extracted by above models are checked by heuristic rules to see if there are strings in
the document fitting in these generating rules. If someone is found, it will be added
into the candidate list. These rules are listed below:

Rule 1: Take the first characters of genuine name and suffixes other than typing

suffix, and the last character of typing suffix from whole NE candidates
(e I P 1 P

Rule 2: Surnames of personal name candidates (e.g. “l{;',?E @7 > “’E 1)

Rule 3: Given names of personal names (e-g. fﬁ%&"’ > “['%%JJ”’)

Rule 4: Modifier + Surname or any character of Given names (e.g. “I@*’J"ﬂ” >

S I, A, S, ete)

Notice that only single entity abbreviations and aliases with original references
appearing in the document could be addressed by the model. The recognition of
combined abbreviations and abbreviations without original references is a tough
problem, and it is beyond our scope. The third type of abbreviations, derived named
entities, is handled by whole named entity model as much as possible. For example,
“ﬂ Jj‘%;” is added into location-like suffixes, and “Kﬁﬂ;’%” is added into organization-like
suffixes. Thus if the genuine name could be correctly recognized, most of the merging
type of derived NEs can be solved. Consider the case “’F' ENiE

/f//‘:/ Tlocation name) + jf;-<(abbreviation suffix) > /f'/‘;/ “J/j=<(derived NE)
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Chapter 5 Lexical Analysis & Recovery

The lexical analyzer is responsible for verifying candidates generated by the
candidate generator. Heuristic rule-driven approaches are adopted to filter out false
named entity candidates and resolve ambiguities caused by false candidates. There are
six heuristic rules applied in order precedence:

Heuristic Rule 1: Tri-word maximal matching (To be discussed in Section 5.1)

Heuristic Rule 2: Least number of NEs first (To be discussed in Section 5.2)

Heuristic Rule 3: Most frequently appearing NEs first (To be discussed in

Section 5.3)
Heuristic Rule 4: Words of even lengths first (To be discussed in Section 5.4)
Heuristic Rule 5: Often seen;'monosyllabic “words first (To be discussed in
Section 5:5)

Heuristic Rule 6: Forward precedence (To-be discussed in Section 5.6)

The recovery mechanism is used te.revive some obvious incorrect results of the
lexical analyzer, which is not suitable to be solved by priority-style rules that the
lexical analyzer adopts. A rule-driven segmentation checker is developed to recover
correct named entities that are wrongly filtered by candidate generator or lexical
analyzer and to remove false candidates that are not discovered by lexical analyzer.
The recovery mechanism is discussed in Section 5.7. Section 5.8 gives some

experiments with above approaches to examine their performance.

5.1. Tri-word Maximal Matching

The tri-word-maximal-matching rule is proposed by Chen & Liu (1992) [6]. The

rule follows below three steps:
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1. From the segmenting point in the document, look forward for all possible
three-word combinations.

2. Take the first word of the longest sequence of all, segmenting this word.

3. Move to next segmenting point.

For example, with the sentence “%%“‘\E‘F“. A F A% 7, the tri-word maximal

matching may work like this:

Lo %% § X2HFR Choose “3% + %" as the segmentation
oA FX AFER result, because “3& X F W
kL F X 2 'ﬁi 3F A ‘A has the longest tri-word sequence.

A F A gHK
A FX X gHK

5k = XX ’JF‘} 3F

2. ¥®=xF % X § FAX __Choose “% X ” as the segmentation
3 4 XX —’F% K result,.because “% % -‘F} #F " has the
A E X f K longest tri-word sequence.

3. %A% XX 7 4 M . Choose 5~ as the segmentation result,
%A F X R because " 4F L7 has the longest

tri-word sequence.

4. 3&R* XX F M Choose “#F 3 7 as the segmentation
3 & XX FEXR result, because “3F X has the longest
tri-word sequence.
5. &= X F X Obtain the whole segmentation results.

The tri-word maximal matching can generally solve over 95% of the segmentation
ambiguities in our experimental results, which will be discussed in Section 5.8.
However, there are still some situations that tri-word maximal matching cannot help.
Sometimes there are many tri-word segmentation sequences with same length. For
example, “3} 1= - 27, the two ambiguous tri-word segmentation sequences

ﬁﬂ} AHE pY — %7 and ¢ gjﬂ Z A BV — %7 have the same length and

cannot be solved by using maximal-matching rule. In these situations, the second rule,
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least number of NEs first, would be applied.

5.2. Least Number of NEs First

In the cases which cannot be solved by the first rule, the one with the least number

of named entities will be chosen among all tri-word sequences of the same length. For

above example, “AEIZ A ” has one NE candidate and "z =
puy ” has two, so the system would choose the former one as the right
answer.

This rule can effectively filter out about 64% of false candidates which cannot be
solved by the first rule and chances of incorrect filtering are less than 1%. However,
sometimes ambiguous tri-word sequences of the same length might have same
number of NEs. For example, “3==" Hy=ji. [y ” and “IRF'RY I pY ”
have same length and same number:of named. entities. Thus the maximal matching

rule and the least NEs rule cannot solve the ambiguity of these two sequences.

5.3. Most Frequently Appearing NEs First

Sometimes people rely on re-appearances of names to understand vague sentences.
The most-frequently-appearing-NEs-first rule follows a similar way and picks the
tri-word sequence with the most appearing times of component NEs in the input
document. For above example, if “3==+"" appears elsewhere and is not followed by the
character “5%” in the document, “3==3" FyTfs Ay ” will be picked as correct
segmentation.

This rule can solve not only covering ambiguities like above, but also overlapping
ambiguities. Consider the example “’F' NIRRT, “’F‘f‘\” and “A1” are
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4N
~

both recognized as location names. If the input document is an article about “F N7
generally the appearance times of “’F' ;" would be much more than that of 3",
Therefore, “ 'F",“‘\ H Bk ” will be picked as correct segmentation

according to the most-frequently-appearing-NEs-first rule.

5.4. Words of Even Lengths First

The word-of-even-lengths-first rule is modified from the average-length rule
proposed by [6]. Modern Chinese generally prefer to use words of even lengths. In
our lexicon, nearly 70% of entries have even lengths. This gives us some clues to
resolve the segmentation ambiguity. The average-length rule exploits the even-length
preference and assumes that thetri-word sequence with a minimal variance is
supposed to be the right segmentation. However,-a sequence of three words all
composed of three characters is actually stranger than a 3, 2, 4 sequence.

In our system, we modify the average-length rule to choose the sequence with
most words of even lengths. For the above example, “%%H’WﬁJEI'UEﬁ g if “F=F" is
not appears elsewhere and the most-frequently-appearing-NEs-first rule does not
work, “3=R=F Byl py ” will be chosen by the even-length rule because it has
more words of even lengths.

There are several exceptional conditions of this rule. First, personal names,
transliteration names, and numerical expressions are not concerned in this rule. In
another words, “J=="” in the above example is not considered as a word of even
lengths. Second, the often seen monosyllabic words, like “f”, “1”, “+” etc., are
viewed as words of even lengths instead. That is to say, “F==+" Fy=J Ay ” s
regarded as totally having two words of even lengths, one is “5%271” and another one
is “p”, not “J==". Third, the suffix part of a suffixed named entity is not considered

65



into the length of the whole named entity. For example, “3#} & g8 A SRE)” is viewed
1]

as a word of even lengths, not of odd ones.
Consider another example, “j‘F'l—’\EI BY F= 7 and “*F'[“\ EIpy 1T 7, any of
the four rules we have mentioned cannot solve this ambiguity. To address this

situation, the fifth rule is introduced in this paper.

5.5. Often Seen Monosyllabic Word First

The often-seen-monosyllabic-word-first rule is also proposed by [6]. When the
above four rules cannot solve the ambiguity, the sequence with the most often seen
monosyllabic words is picked. For the above example, “f_{[iﬂ FY F47” has one
often seen monosyllabic word and “F:ﬂi FIAY _Fjj ” has none, hence the former
will be chosen by the often-seen-monosyllabie-word-first rule.

The problem is which words are-qualified to- be often seen. Chen & Liu’s
collection adding some other monesyllabic words is adopted in our system. These

words are listed in Appendix D.

5.6. Forward Precedence

When all heuristic rules discussed above cannot resolve the ambiguities, the
forward precedence is applied, i.e. the tri-word sequence with longer forward words
would be picked. For example, with two ambiguous tri-word sequence ‘“VK¥% =i 15
17 and “YR 4T 4517, the former would be picked since “YRH” is longer than
W

In our experimental results, while all above five heuristic rules cannot make

choices, the accuracy of left precedence is nearly 80%. For this reason and the easy
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implementation with forward maximal-matching, the left precedence is adopted in our

system instead of right precedence.

5.7. Recovery Mechanism: Segmentation Checker

Inevitably, there are over-generations and under-generations in the outputs of the
first two phases of our system. Sometimes these mistakes would cause lexical
anomalies in the segmentation result. These anomalies mainly comprise two situations.
The first one, over-segmentations caused by under-generations, is due to true named
entities not recognized by the candidate generator. The second one, on the contrary,
under-segmentations caused by over-generations, results from false candidates not
filtered out by the lexical analyzer. The segmentation checker would detect these
anomalies to find suspect segmentation sequences and try to recover the incorrect
recognition of NEs.

To deal with the over-segmentation case; all sequences constituted of three or
more seldom used monosyllabic words in a row are suspected. These suspect
sequences will be checked to see if any fragments of them could constitute named
entity candidates with £{TYP|s) over a predefined threshold of the corresponding type.
(To distinguish from the threshold mentioned in Chapter 3, we will use “suspect
threshold” and “candidate threshold” to refer these two different thresholds
respectively in following paragraphs.)

For example, since £{TRA|“ &% ") = 0.43 < 0.51, the candidate threshold of

/{TRA|s), the string is usually segmented to “/#& £ " in the first two phases. This
suspect sequence will be detected by the segmentation checker. Because /{TRA|“ #&
#/7%7) is larger than the suspect threshold of /{TRA|s), which is set to 0.2 in our
system, “Feil! 7 > is added into the candidate list of transliteration names.
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With personal names, there is another special case of over-segmentations. Let us

consider the personal name “I@"J"FT] ”. /(PER /)’ﬁ??/‘/’éy ”) = 0.23 < 0.26, the
candidate threshold of /{PER|s). However, Z{PER|“/}i7/~"), which equals 0.55, is
larger than the candidate threshold. When this situation happens, the personal name is
usually incorrectly segmented into a personal name of two characters and a
monosyllabic word, such as “[ji-{* ‘F.'j” in this case. To cope with this situation, the
following sequence is also viewed as suspects of over-segmentations:

two-character-long personal name candidate + seldom used monosyllabic word

On the other hand, to deal with under-segmentations, all segmentation sequences
constituted of interlaced appearances of transliteration names, location names,
organization names, and seldom used monosyllabic words, are suspected. These
suspect sequences are attempted to-be re-segmented into a new sequence containing
one more word than the original segmentation sequences. For example, if “F¥f[1” is
incorrectly recognized as a location hame, the phrase “’F",:Ii M EEF would be
wrongly segmented into a suspect sequence “_’é‘,:l“‘_" FEL[1”. The suspect sequence
would be detected by segmentation checker and be re-segmented into the right
sequence “ﬁ MEE I If the re-segmenting cannot be performed, the original
sequence will be kept.

The procedure of segmentation checker is as follows:

1.  Check over-segmented sequences
2. Check under-segmented sequences

3. Repeat step 2, until no new suspect sequences appear

4.  Check over-segmented sequences again
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5.8. Discussions about Heuristic Rules

The test samples of our system (61 news articles from United Daily News and

Central News Agency, which will be further discussed in Chapter 6) are used to

measure the performance of our heuristic-rule-driven lexical analyzer on ambiguity

resolution. The following measurements are adopted:

could not be discriminated by the prior rules

corresponding heuristic rule

Accuracy: 1 — Errors /-Resolved

The experimental results are-listed ih-Table-5.1:

Errors: # of correct words which are wrongly filtered

Applying Rate: Resolved./ Ambiguous Tti-Word Sequences

Ambiguous Tri-Word Sequences: # of all possible tri-word sequences which

Resolved: # of tri-word sequences which could be filtered by the

Table 5.1 The performance of heuristic rules in ambiguity resolution.

Ambiguous

Tri-Word Resolved |Errors Applying Rate |Accuracy

Sequences
Heuristic Rule 1 81273 78263 205 96.30% 99.66%
Heuristic Rule 2 3010 1935 10 64.29% 99.48%
Heuristic Rule 3 1075 225 5 20.93% 97.78%
Heuristic Rule 4 850 603 20 70.94% 96.68%
Heuristic Rule 5 247 9 1 3.64% 88.89%
Heuristic Rule 6 238 238 49 100.00% 79.41%

Comparing with the same experiment mentioned in [6], we have a similar

applying rate and accuracy to [6]’s experiment with maximal-matching rule. Our rest

rules outperform theirs whether in applying rate or accuracy. However, two

experiments take different assumptions that [6] assume that there are no OOV words

but the second and the third rule of ours are based on the recognition of OOV words.

Therefore, the results are less comparable.
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Chapter 6 Evaluation

Our system is developed in Microsoft Visual Basic .NET, and measured on a
Pentium 4 2GHz CPU with 512 MB ram. Our test samples are 61 articles of different

topics acquired from United Daily News and Central News Agency.

6.1. Experiments and Results

To measure the performance of our system, a corpus which is balanced and
well-tagged according to our standard is needed. However, there is no such tagged
corpus conforming to our needs available. Therefore, instead of a standard testing
corpus, we obtain 61 articles from Uniteéd Daily News and Central News Agency as
our test bed. These articles are-segmented-and tagged by our system, and corrected
manually.

These 61 articles are gathered from five different domains in which NE types that
our paper focus on are important and often seen. These five domains are politics,
society, business, sports, and entertainment. Because the quantity of politics news and
society news is more than other domains, we obtain three different sub-topics (lawsuit,
government, and election) from politics news and two (crime and local) from society
news.

Table 6.1 draws the total number of true NEs in test documents, NE candidates
extracted, and false candidates in extracted ones. Standard measurements of recall and
precision are estimated:

Recall = (# of Ext. — # of False)/(# of True)

Precision = 1 - (# of False)/(# of Ext.)
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Notice that there are two special columns in the table, number of words and
excluding rate. Because appearing frequencies of NEs in different domains are varied
and actually have a great impact on precision, precision is thus less meaningful. We
think that excluding rate might be a better measurement of over-generation. Excluding
rate is counted from:

Excluding = 1 - (# of False)/(# of Words - # of True)
It stands for the percentage of non-NEs being correctly filtered by our system.

Table 6.1 Experimental results of our system.

Topic Articles [True Extracted [False Words _ [Recall _[Precision |Excluding |
Politics 1 7 211 224 34 3460]  90.05%| 84.82%| 98.95%
Politics 2 10 465 444 32 4343] 88.60%| 92.79%| 99.17%
Politics 3 7 158 155 18 2750]  86.71%| 88.39%| 99.31%
Society 1 7 321 317 23 3599 91.59%| 92.74%| 99.30%
Society 2 10 372 378 39 5423| 91.13%| 89.68%| 99.23%
Business 7 295 289 34 3392| 86.44%| 88.24%| 98.90%
Sports 7 272 226 18 3690| 76.47%| 92.04%| 99.41%
Entertainmen| 6 196 182 16 2742) 84.09%[ 91.21%| 99.37%
Total 61 2290 2215 214 29399) 87.38%[ 90.34%| 99.21%

Table 6.2 shows the recall rates. of different types of NE in different domains.
Because our system does not focus on automatic classification of NEs, one NE might
be recognized by different models. For example, “@ﬁq%’i” is recognized by both
personal name model and transliteration model. Besides, there are vague areas among
different type of NEs. For instance, “¥r#t4]” is usually a publication name, however
in the phrase “FrfrH] =7, “FrFrfH]” could be also viewed as an organization
name. Therefore, it’s hard to judge the precision of each type and only the recall rates

are listed here.
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Table 6.2 Recall of our system with different types of NEs.

Topic PER |TRA [roc  JorRG [aBB PO Lo o0 a0 |rrmieE [mis
True 104 2 14 9 6 0 0 2 1 66 5
Politics 1 Detected. 102 2) 9 5 6 0 0 2 0 61 2)
Recall 98.08%| 100.00%| 64.29%| 55.56%| 100.00% -- --| 100.00% 0.00%| 92.42%| 40.00%
True 261 0 18 11 9 5 0 148 10 4 0
Politics 2 Detected 250 0) 17 5 6) 5 0 128 2 2 0
Recall 95.79% 0.00%) 94.44%| 45.45%| _ 66.67%| 100.00% -l 86.49%| 20.00%| 50.00% --
True 43 0 24 0 2] 0 0 42 46 2 0
Politics 3 Detected 43 0 24 0 2) 0 0 28 43 0 0
Recall 100.00% 0.00%| 100.00% 0.00%| 100.00% -- - 66.67%| 93.48% 0.00% --
True 185 1 115 0 30 2 1 2 0 1 0
Society 1 Detected 180 1 98 0) 29 1 1 2 0 0) 0
Recall 97.30%| 100.00%]  85.22% 0.00%] 96.67%| _50.00%| 100.00%] 100.00% -- 0.00% --
True 135 3 137 13 6 2 8 60, 5 0 2
Society 2 Detected 133 2) 128 11 6) 2 7 43 3 0 2
Recall 98.52%| 66.67%| 93.43%] 84.62%| 100.00%! 100.00%| 87.50%| 71.67%| 60.00% -] 100.00%
True 72 2] 65 131 0] 0 9 4 5 1 0
Business Detected 68 2 56 111 0 0 3 4 5 0 0
Recall 94.44%| 100.00%| 86.15%| 84.73% 0.00% -] 33.33%| 100.00%] 100.00% 0.00% --
True 56 110 23 9 1 4 6 58 3 1 5
Sports Detected 50, 99 19 8 1 0 6 20 2 1 4
Recall 89.29%] 90.00%] 82.61%| 88.89%| 100.00% 0.00%] 100.00%| 34.48%| 66.67%| 100.00%] 80.00%
True 126 12] 18 4 4 12 1 0 5 12 4
Entertainment  |Detected 118 9 16 2) 4 6 1 0 5 7 1
Recall 93.65%|  75.00%| 88.89%| 50.00%| 100.00%| 50.00%| 100.00% --| 100.00%| 58.33%] 25.00%
True 982 130 414 177 58 25 25 316 75 87 16
Total Detected 944 115 367 142 54 14 18 227 60 71 9
Recall 96.13%|  88.46%| 88.65%| 80.23%| 93.10%| 56.00%| 72.00%| 71.84%| 80.00%| 81.61%| 56.25%

Notice that the first five columns (PER, TRA, LOC, ORG, ABB) only include the
focused types of our system. Column PER.comprise only formal Chinese personal
names and personal names withiappellations:Other personal names, such as Japanese
name “Jf 1% LA and pseudonym =¥, “are counted in column PO instead.

2

Monosyllabic place names without suffixes, like “f” and “’F' 1”7, are recognized by
lexicon matching and counted in column LO. Government and team names are also
recognized by lexicon. They are viewed as OO. All other location names and
organization names are included in column LOC and ORG respectively. Column ABB
contains only abbreviations with original reference in the input document, other
abbreviations are considered as AO.

In table 6.2 we can see that our system obtain a high recall of 96.13% with formal

personal names, and satisfied recall rates with other types. Next section will further

discuss meanings of our experimental results.
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6.2 Discussions

Misrecognitions of our system could be categorized into six reasons, which will
be detailed individually in following paragraphs. The distributions of these errors are
listed in Table 6.3. You may refer several examples of erroneous sentences in our
testing data with their reasons of misrecognition in Appendix E.

Table 6.3 The error analysis of misrecognitions.

Statistical Deviatio e . Insufficiencies of Shortcorrlﬂnherenttlls
Topic 181? adm%O\/ Non- Suffixes fags of |AmbiguifiSum

Over-Est{Under-EgSuffixes o

Focus Structure$Heuristic|es

Politics 1 8 3 1 9 8 9 0 47
Politics 2 13 4 11 4 30 8 10 0 80
Politics 3 6 0 1 18 0 4 0 35
Society 1 10| 2 6 0 2 18 11 2 51
Society 2 16 5 27 1 20 16 9 0 94
Business 8 2 13 3 7 8 15 0 56
Sports 11 4 10 14 38 2) 23] 2) 104
Entertainmerjt 11 7 ) 3 14 5 4 1 50)
Total 33 27 87 27 138 65 85 5 517
Percentage 16.05% 5.22% 16.83%  S522% 26.69% = 12.57% 16.44% 0.97% 100.009

B  Statistical Deviations

Statistical deviations denote errors caused by simplified stochastic models and
imprecise estimations of statistics. They can be further divided into two types:
over-estimating and under-estimating. There are about 16% of misrecognitions in our
test sample caused by over estimating deviations, and about 5% caused by
under-estimating.

The over-estimating situation is due to the over-simplified unigram model we
adopt. For example, “#”, < >, “7&” JEI” are all like transliterating characters. “7E82
¥ and “7EERIEL” are actually like transliteration names. But how about “JEl < #2757
If bi-gram models are used, the number of this type of false positive errors would

much decrease.
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Under-estimating situations happen because our training data are not large enough.
There is inevitably some deviation with rarely naming characters. Although the
recovering mechanism could help partially, there are still some cases cannot be

revived. For example, personal name “7 | & %" is wrongly recognized as “7 &

because “*” does not appear in our training data of personal names. Unfortunately,
“~J” is a frequently used single-character word, too. Therefore, the recovering
mechanism cannot revive it. Another example is transliteration name “’u{”. It is
wrongly segmented as “f '} in our system due to the low like(c, TRA) of “f” and
“MP”. Our recovering mechanism only checks segmentation sequence constituted of

successive three or more single-character words and “fif] '} only has two, so “fn|”

cannot be revived.

B Misleading Suffixes

Suffixes do not always bring ‘confidences but might be sometimes misleading.
That is because suffixes of NE generally can be also used as common words. If the
previous word is like a name, these words might be wrongly attached to the previous
word as a whole NE candidate and cannot be filtered or recovered. For example, “[s
B}?ﬂ Jf%” 1s wrongly recognized as a name of some market. In fact, we cannot solve
this type of ambiguity without contextual information or syntactical and semantic
analysis. However, there are about 17% of errors are caused by misleading suffixes.

The most serious case is that with frequently used monosyllabic words “F*” and
“T‘?f”. When these two words are used as common verbs, their subjects are often
people. However, people’s name might be also suffixed with these two words to form
names of some religion or association. For example, “F[#i#5 5> A5 is always
wrongly recognized as “B[H 5> 3 in our system.
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B Out-of-Vocabulary Words

Intuitively, out-of-vocabulary words often cause errors in segmentation because
the system does not know that they are words. These errors might be propagated since
most segmentation methods rely on compromises with context to perform ambiguity
resolution. Therefore, while there are OOV words adjacent to false candidates, our
system might not perform filtering correctly. There are about 5% of errors are caused
by OOV words.

We know that it is impossible to compile all words in a lexicon. OOV words
always exist in documents. Besides NEs which our system would recognize, there are
still un-recognized NEs, derived words, and other OOV words. Usually an
un-recognized OOV word would be segmented into sequences of single characters. If
some characters of an OOV word are wrongly-recognized as part of adjacent false NE
candidates, our system could not filterthese-false candidates anyway. Sometimes our
system would recognize a non-NE‘OOV. words as a NE. Since this situation brings
few adverse effects, we will neither count it as a true positive result nor a false one in

our evaluation.

B Insufficiencies of Human Knowledge

Insufficiencies of human knowledge constitute the major part of errors of our
system. There are two main types of insufficiencies of handcrafted knowledge. The
first one is the NE types we do not focus on, such as abbreviations without original
references and titles without suffixes. This type of insufficiencies account for about
27% of errors of our system.

The second type of insufficiencies is the set of typing suffixes and the

75



over-simplified structures of whole location names and organization names. It account
for about 13% of errors of our system. Because there are too many types of
organizations and we don’t have a vast training data of each type of them, many true
negative errors with organization names are due to that our system do not realize
some word could be a suffix. For example, “’F' ‘[fﬁ@?ﬁﬁ%ﬁ”, since “E5'E4” is not
collected in the set of business suffixes, our system could not recognize “’F' VIR EL 1
IFA"I” as an organization name.

On the other hand, our system adopts over-simplified structures to address whole
named entities, there are many cases not being considered. For example, “[/I 2 3]
57 is segmented into “B 7 L] 5 by our system because the appearance of
prefix “7 > is not in our considerations. Lei (2003) [19] have proposed a thorough

analysis of organization names, and it can be used‘in our future improvement.
B Shortcomings of Heuristic Rules

All “heuristic” rules have their shortcomings. As we have discussed in the
previous chapter, heuristic rules might sometimes choose wrong segmenting
sequences or incorrectly suspect some innocent ones. Errors caused in these situations
account for about 16% of total errors.

The covering ambiguity problem is a typical kind of shortcomings of heuristic
rules. As experiments show that, maximal-matching-rule-driven method could
effectively resolve overlapping ambiguities, but not covering ones. If a false candidate
is constituted of two or more true words, our lexical analyzer could not filter it out.
For example, “fE} [I[HE v 2 ﬁﬁ F=" is wrongly segmented into “fEb [ [V 2
ﬁﬁ 'Fji” and cannot be recovered. Sometimes this kind of false candidates degrades
recall, too. For instance “jfi 3% ﬁﬂ 1R is incorrectly recognized as il > ﬁﬁ
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2, In this situation, we do not only have a false candidate, but also lose a true NE.
Another serious problem caused by heuristic rules is that if some named entity is
also a common word, this NE will be wrongly discarded by the second rule of lexical

analyzer. “;f1#5” is a typical example of this kind of NEs.

B Inherent Ambiguities

Some segmentation ambiguities are “inherent”. That is to say, these ambiguities
are caused by ambiguous sentences, not faults of our system. For example, “%; %l "J
NEEP=7, two interpretations, <% A PNd ANRLEP=7 and “F ANHA RLE)
= are all correct whether in syntactic or semantic. The most frequently appearing
rule and the team algorithm of ;transliteration hames are designed to tackle this
situation. However, if the true candidates *“ "< does not appear elsewhere in the
input document, these two mechanism-are-totally helpless. There are about 1% of

errors of our system caused by inh¢rent.ambiguities.
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Chapter 7 Conclusions and Future Works

Our system focuses on the recognition of named entities to solve
out-of-vocabulary problem in natural language processing. In this thesis, we proposed
a multi-layered “generation, filtering, and recovery” framework to tackle this problem.
In the generation phase, four types of genuine names (PER, TRA, LOC, ORG), two
types of whole NEs (LOC-like, ORG-like), and abbreviations are extracted by
statistical models and rule-driven approaches. We tune the models to obtain a high
recall rate in the first phase. In the second phase, a maximal-matching-rule-driven
lexical analyzer is adopted to perform ambiguity resolution, which shows a great
power in the false candidate filtering. Simple heuristic rules are applied in the third
phase, which can effectively k detect: obV%ious over-segmentations and
under-segmentations in the results of the first two phases.

Overall speaking, pure lexical “information is- employed to recognize named
entities in our system. Only statistical ‘features and internal structures of NE are
utilized. Our statistical model and heuristic rules are simplified for easy
implementation. Although our system gets a satisfied performance, there are still
many rooms for improvement. First, statistical models could be refined. More training
data could be collected. More elaborate candidate generating model could be adopted,
such as bi-gram model. More internal features could be exploited, such as positional
information of characters. Contextual information, such as word probability of being
adjacent to some type of NEs, could be added into our model, too.

Second, heuristic rules could be more completed or substituted by other
mechanism. As we mentioned in previous section, shortcomings of heuristic rules

form an upper-bound barrier of performance. We could introduce more heuristic rules
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to recover the inadequacy of original ones, or use other mechanism like statistical
approaches to replace rule-driven methods.

Third, more candidate generating models could be added. Many types of NEs
have not been addressed in our system. In the experiment results we could find that
these NEs occupy a great proportion of true negative errors. If these NEs could be
recognized, the recall rate of our system is supposed to be boosted.

Fourth, more knowledge could be gathered and utilized. The suffix and
appellation information used in our system is handcrafted at present. Bootstrapping
algorithm might help us automatically retrieve these kinds of information from the
Internet. Part-of-speech tagging, syntactic checking and even semantic analysis might
be added into our future system, too.

The multi-layered “generation,filtering, and tecovery” framework we proposed
let us easily substitute the design and implementation of individual layers and
incorporate above refinements to ‘achieve-the ultimate performance under this

framework.
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Appendix A Chinese Named Entity Hierarchy

Code |Category Description |N0te |Lev, | Sta. | Int. |Ext.
I PER e
L1 |FPN Dl
Lla |FPN_CHI HIE
Lla.l |[CHI TAI Lt ex FRL HEE % 2]lolo]o
L1a2 |CHI MC NS E [ex L M 2 |o]o]o
Ll.a3 |CHLHK Sl G lex BEE, WER 2 [o]o]o
Lla4 |CHI SM HE - & 2|olo]o
L1b |FPN_JAP Fh M8 lex HRHRHES, BR e 2|olo]o
Llc |FPN KOR W f lex. 2L SRR 2 [o]o]o
L1.d |FPN_VIE Wi~ £ 2|/0]0]O
12 |ALI ke
12.a  |ALI NIC iEFE ex. Il B, F1E 2 |x]o]lo
12b  |ALI SOB s ex. 7RIS, BRI, @ 2 |x|x]o
12c |ALI PSE P ex. SEV, [, BRFE S 2 [ x|alo
13 |CHA. AP 2 |X|Aalo
14 |sPI TR 1|x]|x]o
1.5 APP. i ex. Fupliz=, Flapak
1 |Loc e
11 |PLA 16k
I.la_|PLA_COM TR Y |ex MR A 9RE Suffix: B9 1L |a[alo
IL1b |PLA_CLP Fi ¥ e |ex T EHEY 1 [X]|O]O
IL.lc |PLA_ADM f‘#‘?f@%ﬂ Suffix ¥ B A iy h fl] % AR AR ;b 0|X|O|X
W o T 2 S ik F E‘iw'ﬂﬁ Frp
Dl R e R SN ¥ S b as«lé; [wl
2. |GEO ' 188
2.2 |GEO_WAT <l Suffix: G W I W O R R 0 | X0 X
W7 e YaHE YA B AR ?%jifm T ER T B A
# i’W” ?Pfﬁ[ﬁ
IL.2.b |GEO_TER 1, Suffix: [I] #% T ﬁ a FT WOEPEE () SR 0| X 10X
i gﬂ fqmliw ﬁ,' TR E[@ it B @
BRI PAE EVRC A N RER TR IR = F
P AT
1.3 |ARC. )
Il3.a |ARC_INF SHER (Suffix: BOECH R OBURE WA G 20 ﬁlﬁ feg| 1 |AlO]O
P s FEAR N6 [0 RS BER SR TR R
WM TR OB B RTE N LR I R
s R O PORSEEE d
I1.3.b |ARC_BUI B Suffix: ] # < 7 ﬁ o (o oo b i 2 (Aol x
R W M (I S SE AG f a
AlEBE Al FRSRE RLSRE WTEE WA AN
l3.c |ARC FAC ] Suffix: 53 Al BT B el <z i 2 [x|ola
B B j““ [ &L= Zhh Eﬁﬁ B e HEE
NPT S E’p’m Flee SHE Bk SYBS QG35
T"[ FEP B VRUNET SR PR RS S AT R
7 Jj]:[ Elﬁr|1~ Fﬂ)?FJ 'i HF’%‘“‘:}E[{} Hr‘gﬁiﬂﬁ;ﬁ f’ﬁ;ﬂfll"\“ E%ffhjlzlyfu\
VHI IR (B ﬁkﬁ“ ES SCfilaianiE
1.4 |ADD Py 2 |x|olo
11 ORG A HENE
Ll GOV Sriee [suffix T BE A @ 5 nl o lo|x]olx
m2 |Gro ~ M -
l12.a |GRO ASS e |suffix: T |2 [a]o]x
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12.b |GRO PAR s 1 [x|o|x
l12.c |GRO REL e e 1 [x]o|x
112.d |[GRO TEA BR 2 [alola
l12.c |[GRO GAN 76 Suffix: ¥% FH %] 7 I¢ &2 2 [ x|o]x
11.2.f |GRO FOR ey 1 [x]o]a
3 |RAC iR 1 |o]o]x
L4 |COM SR 2 [alola
v TERM | (cilﬁ?? t, Ml ED
V.1 TAX EXERt 0 —_
V2  |CHE. '“*S%:#aw 0| —
V3  |MED. = ¢ 5 0| ——
V4 |GES *j\ﬂ* 0| ——
V.5 |AST = 0| ——
IV.6  |PHE. LR el 0| ——
.—%ﬁ
V7 |MEA. 5l f;;r ex. P, 1Y o] ——
V8 |TSP. TR o gl v, RS R 1 [x]o]o
v 1T fep
V.1  |PUB. USEL (Suffoc A AT L M s 1T T e #E A1 1 [ X |00
N S W Elﬂ%?
V2. |CRE. alre ex. FIZHS, @151 F, 29, Mg i 2 | x|x|o
V3. |SKI Jazh '
V.3.a |[SKI MAR G ex. ME, PR 1 [ X|O|A
V3.b [SKI DAN .55 ex. f, PR 1 [alx]o
V3. |SKI MEL T ex. i SR 1 [ x[x]o
v3.d |SKI DIS s ex. SRERD, " il 1 x|ola
V4 |sTY BESIE  |ox. SO VR I SEL b 1 [x]ola
V5 |cuL (- ex. W[ [, VG 1 [alo]o
V.6 BRA i A ex. S i, LIS 2 | X|A] X
Vi |mis H
VL1 |ENT g
VLla |[ENT VEH T |ex. FH Mool 1[x|o|A
VL1b |[ENT_WEA i ox. R, fip ] 1|X|o[A
VLlc [ENT FOO apger e Jﬁ IIF%, i T 2 |x|olo
VL1d [ENT CLO R ex. rim *d&/r k] 1 |x]o]o
VLle |[ENT OTH 1y 2| ——
VL2 |FES. AR ex. EEAY, FIfNL! 0 [x|o]o
V13. |REI ir g ex. ik, Pl 0ololx]|o
VI4  |CON PRAACE Jex W TR BE, BRI, £ SRR o [x]o]o
VL5 |EVE FRUE N |ex. M BED G, 7J<F'FJ'i;t' ' 1 |[X|o]oO
VL6 |PLN FhE ex. 1Pl L, BUESH 2 |X|0]0
VIl |ABB i i
VILI |ABB_SIN UBNE e BB, (7 (1 BIE, IR 3 [x[o]a
VIL2 |ABB_COM 7 ex. 7, F,f;ﬁ E 2 [ x|alx
VIL3. |ABB DER T NE  Jex. “lET, B R Alolo
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Appendix B Surnames and Given Names

Surnames: Given names:
Character ¢ /(SUR|c) Character ¢ /(GIVc)
i 1.00| |¥ 1.00
i 1.ool |7 1.00
it 1.00 | 1.00
il 1.oo| |*H 1.00
i 096 |%. 0.99
% 0.90| |ft 0.98
1 0.86] |= 0.96
&1 0.84| |t 0.93
* 077, |& 0.92
B 0.72| |& 0.91
! 072 [¥ 0.87
Hl 061l (B 0.84
Fl 0.53[1 = 0.82
L 0.50 |k 0.79
B 0471 % 0.76
il 046 & 0.74
# o4 0.68
it 043 |I* 0.65
7 e 0.64
7 03s] | 0.62
il 038 | 0.55
= ol |E 0.53
* 0.30 I—: 0.50
il 0.27 f: 042
It 0.25 o giz
3 .
;}J: 0.23 %J' 058
7= 0.22) I 095
ol 020 [ :

- i3 0.20
75 0.16| [ 014
FF 0.1 | 01
* 01l 0.1
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Appendix C Location Suffixes and Organization Suffixes

Location Suffixes:

OB EE R B K[l SR SR AT BN K BT 2 s T e e Ew’ FUHF FIiBe
B ORI A T H B FHE W SRO0E B TR W R A I Y e

CRCLE ST R R sl R R U R N U O R OGRS R T G
SAF A B R TR SR 1R A R R (IR SR AR DI N R F L IR A vy
B R SR A S S SR PR R FY T G R S BER ST R 0
R R BB WG T M OV T OF L T PR A ONE DO st S W
PR T B BT R DR RS B MM T SR G A A g fe

i Fﬁ‘:ﬁ B AT Fé@ﬁiwﬁ%rﬁ SR 1T Tl Al LT R O K T S TR i [
EANE I B v HEE R FE i) %JF& Hio SREE BSBE RYBS SR OTRD fRY P R

e ’wr% R IBRT R T R R BRI Gl AP YR G
£ IR

Organization Suffixes:
Typing Suffixes:

ﬁ{J ﬁlﬁﬁ - ‘ﬁ ﬁ ##Jﬁ T“%{VF'II Ti““y? ’7?; Ll[ —‘J[S\L p qg‘[]jE [5 T[ %ﬁ ]":iHi FEJJI‘»; ﬁﬂ?f
wrw:rr ﬁf[@q |

Business Descriptions:

o+ i g ﬁfuff,! )4 ?f VISR A SRS SO0 T SR P R RO R
M B AR PSR RO W SREDR IR T GO SR A T
vr%g, it fw; S s YRR R PO TR SR (R ) 9 e
PN R G AT I RN Y RMY N R B YD S R R TR Sl B s
IR e T EAC I R ST S TR R
WD W Sk B RO T

Affair Descriptions:

CHNIEE S S TR S S TS PR o R TR Rl et TR
W S R TR OREET 0 B ASE P RS R R OUS o
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Appendix D Often Seen Monosyllabic Words

LR A Il [=TRLE | ﬁﬂ“ﬁfﬂﬁﬁlﬁr‘f?”%ﬁ I L[] 220 A"%P}{ﬁ’;ﬁﬁ@fﬁ

e e EAN I NS e I T g Erpeie g Ll S g v S TLE R
[z FZTEI#J [T 9 R el R R ?Eﬁgﬁ FI IR
9”9[[7"*?%%5“0 PR 025 Pl B A JF"-LF[ ?wéﬁ I

Appendix E  Sample Testing Sentences

Statistical Deviations:

M uiks ﬂ‘%‘mr ERNlE
o b S _%I'f 2 B P 2E

.{a I # = 1% b
S pila R ] P e

Misleading Suffixes:

FE B \“‘ L] 174
P10 T N s B RS
s 1o g,wj FilEs

FIE R ranfv« s 5] SRRy
%}w Hl‘ﬁ' Frif KL JUT S R g i
F'| || fo fst

F l

TR EBLE
|&4 ?}*ﬁ [ - ff

0ooVv:

CRNEIps a:eg W—L
fei -4 v ZHD SR A

Insufficiencies of Handcrafted Knowledge:

&9



AL BEG 2 F fﬁtﬁﬁ' A ] = 10
W A SR BT AT fTES R R e
A= sﬁé@
e P ) -
Bl
AR IR [ A B e gEl s S

- T R Y 2R Gt s
s peeie [esll Sip P - @@ AR s S e S e
rsg 2 S fif gu SR [l £ R e
Lo il o fxw R
i |4—ﬁr71mﬁﬁm B - [
Bt Y ER SR AT A ]
B o 1 s EER W [ 2
w7 1516 P ’ES«%LT J 7' R

ATk N e i e R

Shortcomings of Heuristic Rules

R A R T

T if JE? TR AR

EllEs %&F =7 R AP kifiﬁ < BEE v EER
e A 2 F e 1@3;%

SR KRB L B o A

Ll E%%i‘ P e B o ey

g PR 8{7)

[ J/-;: % w} Sl W PR L] T R R

o B i s

b ;ﬁ_rej SRR T 1 A o R s ST
Inherent Ambiguity

GSIAE = U N T S R RSN
L 5 Fi

B vk

e izui RN S S g

90



