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Abstract

This thesis deals with Chinese characters (Hanzi): their key characteristics
and how they could be used as a kind of knowledge resource in the (Chinese)
NLP. Part 1 deals with basic issues. In Chapter 1, the motivation and the
reasons for reconsidering the writing system will be presented, and a short
introduction to Chinese and its writing system will be given in Chapter 2.
Part 2 provides a critical review of the current, ongoing debate about Chi-
nese characters. Chapter 3 outlines some important linguistic insights from
the vantage point of indigenous scriptological and Western linguistic tradi-
tions, as well as a new theoretical framework in contemporary studies of
Chinese characters. The focus of Chapter 4 concerns the search for appro-
priate mathematical descriptions with regard to the systematic knowledge
information hidden in characters. The subject matter of mathematical for-
malization of the shape structure of Chinese characters is depicted as well.
Part 3 illustrates the representation issues. Chapter 5 addresses the design
and construction of the HanziNet, an enriched conceptual network of Chinese
characters. Topics that are covered in this chapter include the ideas, archi-
tecture, methods and ontology design. In Part 4, a case study based on the
above mentioned ideas will be launched. Chapter 6 presents an experiment
exploring the character-triggered semantic class of Chinese unknown words.
Finally, Chapter 7 summarizes the major findings of this thesis. Next, it
depicts some potential avenues in the future, and assesses the theoretical

implications of these findings for computational linguistic theory.
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Chapter 1

Motivation

The story begins with a tree.
In 1997, I worked as a research assistant with the CKIP (Chinese Knowl-
edge Information Processing) group at the Academia Sinica in Taipei. At
that time, one of our tasks was to correct sentences extracted from a newly
founded Chinese Treebank. My eyes climbed up and down the sentence trees
labelled with syntactical tags, oftentimes descenting to the leaf nodes (well,
the terminal symbols), I saw Chinese characters there on the fly. In our
reports of formal syntactic (be it LFG or HPSG) analysis, they appeared
everywhere, but were just like a waste dump that draws no one’s attention.
(Even worse was that in addition to translation, we had to transliterate each
of them so that people could also read them aloud at the conference). The
experience spurred me on to rethink about the meaning and usefulness of
Chinese characters, particularly in the context of language, or more gener-
ally, cognitive processing.

Starting from that, this thesis presents a primary result. Briefly, what I
would like to deal with in my thesis can be stated as follows: to reestimate the
meaning of Chinese writing in linguistics, and, on the other hand, to propose

that Chinese characters (Hanzi)! could be used as a useful knowledge resource

!Since some of the East Asian scripts like Japanese, Korean, and Vietnamese writings
are all traceable in one way or another to Chinese characters as their source, I will use
the term “Hanzi” instead of Chinese characters in this thesis, when their neutrality and if
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in Chinese language processing.

1.1 Does Writing Matter?

Writing, the symbolic representation of language in graphic form, has not
been the main concern among linguists. The neglect of the written language
could be attributed to many reasons. One of these reasons might be due to
the prevalent “surrogational model” in contemporary linguistics, which states,
writing is to be viewed as a surrogate or substitute for speech, the latter
being the primary vehicle for human communication (Harris 2000). Such
an attitude has paved the way for the opinion that the written language is
somehow inferior to the spoken language, therefore not warranting the serious
attention of linguists.

As Coulmas (2003) noted, most scholars in language science do not be-
lieve that the invention or discovery of writing makes a difference, either
with respect to what language is, or how we think about it. Until now, lin-
guistic orthodoxy has still concurred with Ferdinand de Saussure’s apodictic
statement that made Aristotelian surrogationalism a cornerstone of modern
linguistics:

Language and writing are two distinct systems of signs: the second
exists for the sole purpose of representing the first. The linguistic

object is not both the written and the spoken forms of words; the
spoken forms alone constitute the object (Saussure 1959:23).

However, in the recent book titled “Rethinking Writing”, Harris (2000)
offers an alternative reinterpretation of Saussure’s view: the blind spot in
traditional Western thinking about writing (and other forms of communica-
tion) is a failure to grasp the systematicity involved. Writing, for Saussure,
was not just an ad hoc appendage to speech. Writing systems are systems

in their own right, even though they subserve or supplement forms of oral

possible, universality are emphasized.
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2 For Saussure, the beginning of wisdom here is grasping

communication.
the (semiological) fact that writing is not just a copy or mirror image of the
speech system, and cannot be.

Another issue concerning writing in linguistics is the assumption of the
linearity of the linguistic sign. This can be traced back to another famous
notion of Saussure, that is, that language is comprised of signs, which embody
a signifier (sound) and a signified (meaning), and these signs are linear,
namely, one unit follows another in sequence. The assumption of the linearity
of the linguistic sign implies another assumption that linguistic forms obey
nothing but the principle of simple concatenation of a chain of temporally
successive elements.

As obvious manifested in the development of modern linguistics, ever
since Saussure’s above-quoted postulate, the primacy of speech and the lin-
earity of writing are taken for granted in linguistic research and theory for-
mation, In fact it indeed works reasonably well if the linguistic form is a
spoken form. Aronoff (1992) even points out that, like Saussure, Edward
Sapir, Noam Chomsky and Morris Halle appeal to alphabet-based writing in
successfully developing their phonological theories.

However, on the other hand, we also see a quite different picture in the
Eastern tradition of the scientific study of language. Geoffrey Sampson
(1985) expressed some personal feelings, which turns out to be somewhat
accurate: ‘The axiom of Western linguistics according to which a language

is primarily a system of spoken form, and writing is a subsidiary medium

2In the history of linguistics, the Copenhagen school of glossematics shares similar
opinions. The founder of glossematics, Louis Hjelmslev, once held that [...] linguistic
units are independent of their expression in speech, writing, or any other material form [...]
thus the system is independent of the specific substance in which it is expressed.(Siertsema
1965). In this respect, we can also see the parity of writing with speech. The system of
speech and the system of writing are [..] only two realizations of an infinite number of
possible systems, of which no one can be said to be more fundamental than any other.
The contemporary echo, Harris’s integrational linguistics, takes a position opposed to the
orthodox position on all possible counts with regard to the status and study of writing as
well. Interested readers are referred to Harris’s relevant works.

14



serving to render spoken language visible, is very difficult for an East Asian
to accept.” An interesting and illustrative example worth mentioning here
is that, even in the modern Encyclopedic Dictionary of Chinese Linguistics,
the first topic is the writing system, and is treated at great length.
Therefore, a much closer look at writing, in terms of Chinese characters,
seems urgently needed, if we are to reach more global conclusions about the

nature of human writing.

1.2 Knowledge-Leanness: A Bottleneck in Natural
Language Processing?

Let’s take a look at the current status from a bird’s eye view. Natural Lan-
guage Processing (NLP, also called computational linguistics) has been a
discipline for more than 50 years. This field has grown since the 1960’s as
a fertile combination of ideas from areas such as cognitive science, artificial
intelligence, psychology and linguistics. At the beginning, things seemed to
be easy. It became evident that the problem of natural language under-
standing was much harder than people had anticipated, until many kinds of
programs had been written to process natural language. As of the present,
one of the main obstacles still get remained: the phenomena of massive am-
biguity (both syntactic and semantic). In addition, it then became clear to
be grasped that, understanding natural language requires a large amount of
linguistic and general knowledge about the world, and, of course, the ability
to reason with it. Acquiring and encoding all of these knowledge resources
is one of the fundamental impediments in developing effective and robust
natural language processing systems.?

Over the past years, the NLP researchers have uncovered a great deal of

linguistic knowledge in different linguistic areas such as syntax, semantics,

3Some computer scientists such as Rober Wilensky have even described NLP as an “Al-
complete” problem, which means that if we would like to be able to solve NLP problems,
we have to solve a large fraction of Al problems first.
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pragmatics, and many formal models have been proposed as a result. How-
ever, natural language processing systems still suffer in most cases from the
lack of combining extra-linguistic knowledge with the linguistic knowledge
in an integrated way. The richness of natural language causes difficulties
for researchers attempting to build manually a full-fledged system capable of
handling anything close to the full range of phenomena. As a result, most
NLP systems have been constructed to function only in limited domains.*

Until recent years, presumably simulated partly by the availability of
large machine-readable text corpora, the use of statistical techniques has
entered the scene, and probabilistic and data-driven models soon became a
quite standard paradigm throughout current NLP technology. Instead of
getting knowledge into the computer en masse by building complex rules
manually, many machine learning algorithms summoned have begun to be
statistical in the sense that they involve the notion of probability and/or
other concepts from statistical theory.

There is a line of poem among the fragments of the ancient Greek poet
Archilochus which says: “The fox knows many things, but the hedgehog
knows one big thing”. In a figurative way, Pereira (2000) compared the
hedgehog and the foxes as statistical machine learning methods and struc-
tural knowledge descriptions separately.® Statistical techniques seem to be
an cutting tool for doing linguistic research with surprising accuracy. It is,
surely, a natural tendency for a few computational linguists to become overtly
attached to the probabilistic model, and expect it to be the sole methodolog-
ical consideration in all the language processing problems. Nevertheless, to
yield natural language understanding, as Pereira put it, we have the strong
intuition that we require something else.

For example, most statistical models have something limited in common.

4This especially holds for machine translation where so-called niche applications (where
the focus is on a specific application) have become more and more important.

SFernando Pereira, 2000. The Hedgehog and the Fox: Language Technology and the
Knowledge of Language. Invited talk at the COLING 2000, Saarbriicken.
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First, they share the need for relatively large amounts of training data, es-
pecially for the supervised methods, the “right” answer must be part of
the training data.’ Secondly, they are all knowledge-poor, in the sense that
they require no real world knowledge - what might be termed common sense
knowledge - for their implementation. However, these knowledge-poor super-
vised training regimes could be a significant bottleneck in the development
of practically robust NLP systems, if they aim at dealing with real-world
applications.”

The open question which Pereira posed at the end of the talk is worth
pondering: “Can hedgehogs evolve into foxes” 7 In the foreseeable future,
does the answer seem pessimistic? Or, as the optimist concludes, are the
different paradigms slowly merging 7

Vossen (2003) observes that there is a tendency in NLP to move from mor-
phosyntactical modelling and applications to semantics, where well known
statistical techniques can often be easily combined with semantic data. NLP
is thus moving towards inferencing systems that exploit common-sense knowl-
edge. We may take the current state of research for automatic anaphora
resolution as an illustration of this. As Mitkov (2003)® mentioned, up to
now, the results from experiments concerning automatic anaphora resolution
strengthened with statistical techniques, are still very discouraging. But, as
he predicted, the ways forward could be knowledge rich: the exploitation

of different (linguistic) knowledge resources to enhance anaphora resolution,

SThere is, of course, another learning scheme called “unsupervised” learning, which
does not presume the existence of set of classification. However, Manning and Schiitze
(1999) pointed out that this term is not always clear out in the field of statistical NLP,
and is not always used in the same way in the machine learning literature, so we’ll skip it
for now.

"Take as example from Lenat (2002): [...] while Mycin can be considered a medical
diagnosis system, really what it does is decide which of five kinds of meningitis you are
most likely to have. It does that better than most GPs. [...] However, if you ask it to help
treat a broken bicycle it will tell you what kind of meningitis it is most likely to have.

8Ruslan Mitkov. (2003). A Final Word. In: Crash Course on Anaphora Resolution,
Tibingen.
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including annotated corpora, bilingual (and multilingual) corpora, and even
ontologies (e.g., WordNet), and the most promising way forward might rest
on encoding (or retrieving) real world-knowledge.

But, the question is, how? The knowledge acquisition bottleneck is no-
torious. It takes a long time to get the knowledge even from the heads of
children into a machine-readable form. There have been a few attempts,
mostly inspired by artificial intelligence (Al), to represent world knowledge
and connect this knowledge source with linguistic organizations by means of
specialized interfaces. Nevertheless, there is an enormous widely-recognized
tradeoff between knowledge-poor and knowledge-rich approaches: Do we re-
ally want to build a time-consuming and labour-intensive knowledge base
(both linguistic and ontological), in order to enhance the performance of
real-world NLP systems? ?

The dream of building a realistic natural language understanding system
is still there, what could be the next step? Accumulated and revised over
thousands of years, Chinese characters retain a unique common sense struc-
ture, which has proven effective over many generations. The core topic of
this thesis is thus: Could conceptual and ontological knowledge naturally
“grounded” in writing (at least in ideographic one like Chinese) be useful

and low-cost in this context?

1.3 Writing Systems: The Missing Corner?

The above thinking leads us to further consider what and how writing systems
can do for NLP?
Occupying the main stage of modern linguistics, the surrogational model

goes easily hand in hand with the notion that the basic function of the signs

9Lenat (2002), the founder of Cyc - the world’s largest common-sense knowl-
edge base -, estimates that the work on building up a common sense knowl-
edge base done in the present decade will take about 250 man years of efforts.
http://www.leaderu.com/truth/2truth07.html
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used in writing is phonoptic,'? i.e., serving to make sound “visible”. Writing
is thus just regarded as an ingenious technical device for representing the
spoken language. In this perspective, writing is valued chiefly for the ways
it offers for replacing speech in dealing with and disseminating the kinds of
information that are regardless important (Harris 2000).

It is thus not strange that the current and possible role of writing systems
in modern (computational) linguistic theory and practice has been explored
only within a limited domain, such as Optical Character Recognition (OCR)
and Text to Speech (TTS). Until now, writing systems in general are not a
main concern in the field of computational linguistics.!!

In this light, we are glad to share the same basic position of the inte-
grational linguistics proposed by Harris, presuming that writing systems are
systems in their own right, even though they subserve or supplement forms
of oral communication.

However, how can we grasp the systematicity involved in writing systems
exactly? One possible answer is that knowledge representation is employed
in a natural language. In his recent book, Sowa (2000:168) mentioned that
natural languages could be the ultimate knowledge representation languages.
More and more approaches focus on the relation between natural language
and knowledge representation. A potential perspective is: Natural language
itself can be treated as a knowledge representation and reasoning system, not
just as an interface.!?

But, the reason that a satisfying knowledge representation language has
not yet appeared, lies perhaps in the historical-cultural background of lan-
guage evolution. After thousands of years of evolution in intimate contact

with every aspect of human experience, natural languages have attained a

greater flexibility and expressive power than any artificial language, but these

10This term is used to contrast to optophonic devices that converts lights into sound,
rendering what was visible audible.

1 Sproat’s recent book (Sproat 2000) is a new attempt.

12Wong (2004) also shares similar ideas.
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“knowledge experiences” are now difficult to trace, especially for languages
with phonetical scripts.

In this context, if we turn to the only “ideographic” script, - one of basic
types of writing systems in the world, - namely, the Chinese writing system,
we could see that it still displays a considerable amount of semantic informa-
tion at the character level. Chinese characters have survived over thousands
of years; some proposed that the whole set of Chinese characters can be
viewed as an encyclopedia in essence, or in terms of knowledge representa-
tion, as a kind of ontological knowledge. This distinctive feature might also
suggest that the system of Chinese characters might contain rich but concise
system of inter-related concepts.

Another point I wuld like to mention here is that the relationships be-
tween knowledge and written language, in particular the dependencies be-
tween conceptual categories and linguistic expressions in terms of Hanzi, have
been and will be the subject of much psychological and philosophical debate.
And there have been several different argumentations that have been consid-
ered for that. To meet the need of computational intelligence, I world take
a rather pragmatic stand on this issue, which will be referred to throughout
this paper.

In summary, this thesis attempts to lay the foundations for a new field of
Chinese character-based NLP studies, a field which might be called computa-
tional hanziology, the formal study of the characters of the Chinese language.
Inspired by the abundant conceptual and semantic information frozen in the
characters, the goal of this thesis is to achieve a theoretical synthesis of com-
putational theory of Hanzi, with the following questions in mind: In what
sense could we regard Chinese characters as a kind of knowledge resource?
and how to represent this knowledge resource and how to make it operate in
NLP systems? We believe that research in the field of computational hanzi-
ology might contribute to the finding of solutions to main problems currently

plaguing in computational linguistics.
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Given this goal, my expository strategy will be laid out as follows: First,
for readers who are not familiar with the Chinese language and Chinese
writing, we introduce the basic notions in Chapter 2. As background knowl-
edge, Chapter 3 gives an overview of related work in Hanzi studies, both
from traditional and contemporary viewpoints. Emphasis will be placed on
a recently-proposed specific theorectical framework concerning with a Hanzi-
triggered conceptual modeling. Chapter 4 gives discussions of mathematical
models around Chinese characters. Chapter 5 introduces an implementa-
tion system. Chapter 6 presents a NLP experiment based on the theory and
system proposed. Finally, Chapter 7 provides an concluding remark on the
extensibility of the approach, as well as an overview of potential research

directions in the future.
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Chapter 2

A Brief Introduction of Chinese and
its Characters

Before embarking on the theme of this thesis, this chapter outlines the
desiderata of basic concepts of Chinese characters and their relation to Chi-
nese. The aim is to provide readers with enough information which will serve
as the backdrop to our discussion later on. In the following, a brief descrip-
tion of the Chinese characters is given in Section 2.1, structural descriptions
of them and some special linguistic issues involved are summarized in Section

2.2.

2.1 What is Hanzi?

2.1.1 An Overview

Chinese writing has no alphabet. Instead, it employs Hanzi (read as hanzi,
written as #%, literal meaning: Han-characters), which are named after the
Han culture to whom it is largely attributed.!

Historically, Hanzi dates back to the late Shang Dynasty (about 1401-
1122 BC). At that time, they were inscribed marks on tortoise plastrons

!'They have been called characters, pictographs, pictograms, ideograms, ideographs,
logograms, logographs, glyphs etc., based on different consideration of their nature. In
this thesis, they shall be called “Hanzi” or “Chinese characters” interchangeably.
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(the underside of the shell or armour) and ox scapulae (shoulder blades) —
“oracle bones”. Chinese writing has been in continuous use for well over three
thousand years, though Hanzi forms changed with time,? from the point of
view of the writing system as a whole, there have been no basic qualitative
changes.

Early Chinese characters were mainly symbols and pictographs that rep-
resented some abstract concepts of daily life. In order to express more com-
plex ideas and concepts, pictographs were developed and combined to form
ideographs for multiple meanings. Today, these ideographs ® form about 90%
of the total Chinese characters in current usage (Ren et al 2001).

Chinese characters are written in a two-dimensional (2-D) quadrilateral
format, which is why they are sometimes called 735 (/fang-kuai-zi/, ‘char-
acters in virtual square boxes’). In the following, we will introduce some
of their major features: various topological structures, a large amount of
signary and an easy means of communication.

The topological structure of a character means that the character is a
combination of various components that can be shown in Figure 2.1 (Yiu
and Wong 2003). The same component may appear in different characters,
and may be located at different positions.

Chinese characters make up a large signary. The “complete” number
of Chinese characters has grown tremendously over the millennia. Shang
Dynasty inscriptions boast lightly more than 2,500 characters; Xu’s classical
work, a first large-scaled character dictionary, contains 9,353 characters; And

#EAFH(/hanyn da zidian/, ‘The Great Chinese Language Dictionary’),

2Throughout this paper, I will mainly focus on traditional character forms currently
used in Taiwan and Hong kong. As for their variants used in Japan, Korea and Vietnam,
and the simplified forms used in mainland China, these will be considered only when
necessary.

3Some issues concerning the ideographic property of Chinese characters are controver-
sial, these will be discussed in detail in the next chapter. The term ideograph or ideogram
can be understood here as a symbol used in a writing system to represent an idea or a
thing, not a particular word or phrase.
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published in 1986, comprises 56,000 characters. A historical comparison of
the Chinese signary is shown in Table 2.1. It is noted that the actual compre-
hensive number of Chinese characters can only be estimated approximately.

As for the Chinese characters used in common vocabulary today, differ-
ent statistical studies have demonstrated different results. In general, 3,000
characters have been defined for daily use, 7,000 characters have been deter-
mined to be necessary in writing, and there is a total of 60,000 characters
which include complex and simplified styles. Interestingly, most characters
listed in a Chinese dictionary are rarely used.

It is an unfortunate fact that all commonly used Chinese character encod-
ing schemes assign character codes to only a limited number of characters.
Although Unicode was designed as an attempt to represent “all” characters
in the world, its two-byte form can represent at most 65,536 characters. In
mainland China, two character sets, containing 3,755 characters and 6,763
characters, respectively, were announced as the National Standard GB2312-

80 (the first is a subset of the second one). In Taiwan, 5,401 characters are

4Some researchers estimate that the vocabulary of Chinese characters is roughly equiv-
alent to Western words in total. See Govindan and Shivaprasad (1990), Character recog-
nition: A review. In Pattern Recognition Vol.23, No.7.
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Table 2.1: Chinese signary: A historical comparison

Name of Dictionary Year of Publication Number of Characters
Shuo Wen Jie Zi # X F ca.100 A.D. 9,353
Zi Lin 4 4th C, A.D. 12,824
Yu Pian £ 4 543 A.D. 250
Guang Yun E# 1008 A.D. 26,000
Lei Pian & 1039 A.D. 31,000
Ji Yun &# 1067 A.D. 201

Zi Hui F& 1615 A.D. 33,179
Kangxi Zidian B 1716 A.D. 47,035
Zhongwen Da Cidian %X kKR# 1968 A.D. 49,905
Hanyu Da Zidian ## K5 # 1986 A.D. 56,000

Table 2.2: How many Hanzi does a computer recognize?: A code scheme com-
parison

Character Set Num. of Characters
GB2312-80 (China) 6,763

BIG-5 (Taiwan) 5,401

JIS-2 (Japan) 3,390

Unicode 65,536

included in a standard set called BIG-5. In Japan, 3,390 characters are in-
cluded in the JIS level-2 standard. Table 2.2 shows a current code scheme
comparison.

As will be discussed, Chinese characters function differently than a purely
phonetic script mainly in that they the former carry stronger semantic weight
in and of themselves. Such graph-semantic feature makes efficient commu-
nication possible between people who speak different languages (or dialects)
within- and outside of China. In the so-called Hanzi Cultural Circle which
includes Japan, Korea and Vietnam, Hanzi were adopted and integrated into
their languages and became Kanji, Hanja, and ChuHan respectively. Today,
Japan and South Korea still use Hanzi as an integral part of their writing
systems.

It is widely believed that the trend in the evolution of human scripts is
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a process which began with the pictogram, evolving through the ideograms
to the phonogram. The writing system of Chinese, however, constitutes the
only exception to this statement, and is the only ideographic script still in

use today. Tt is at the same time the oldest one in use (around 3400 years).?

2.1.2 The Relation Between Chinese and Hanzi

We will now introduce some specific features of Chinese which are quite

relevant to an understanding of how Hanzi works.®.
e Abundant in homophones

Chinese is a language with a small number of syllables which are clearly de-
marcated from one another phonologically. Mandarin Chinese, for example,
which is the official language in the Chinese world, distinguishes only 411
different syllables, each of which may theorectically have five tones at most.
This amounts to no more than 1,284 actually used syllables (Wang 1983),
while various dictionaries put this number between 888 and 1,040 (Coulmas
2003:57). Such (relative) phonetic poverty can therefore yield an extraordi-
nary number of homophones, which has an ambiguous effect on the spoken
language. It is commonly believed that the pervasive homophones constitute

the main reason for the retention of ideographic script in Chinese.
e Tripartite articulation

In general, a Hanzi is regarded as an ideographic symbol representing syl-
lable and meaning of a “morpheme” in spoken Chinese, or, in the case of
polysyllabic word, one syllable of its sound. Namely, character, morpheme
and syllable are co-extensive. Each morpheme is exactly one syllable long,

so there are no cases such as vorstellen or Solidalitat in German, where a

5The other famous one was the Egyptian system of hieroglyphs, which supported an
astounding civilization for 3600 years, but vanished about 1800 years ago.
6Most of this section is based on Sampson (1985:147)
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single meaning-unit spans more than one syllable, or ausnehmen, where the
/aus/ is a meaning-unit corresponds to only a fraction of a syllable. For the

sake of simplicity, the following formula might be clear at a glance:
Hanzi ~ Syllable ~ Morpheme

For example, the word % is a character that represents both the meaning
“road” and the syllable /lu/; and the word ## is a word made up of two
characters, where each character represents one syllable, /chang/ and /yang/
respectively, and each character contributes to the compositional meaning of

“o Toam aimlessly”.”

e Morphological isolating

From the comparison of morphology across languages, (ancient) Chinese has
traditionally been considered to be a member of the family of isolating lan-
guages in which every word consists of a single morpheme. Syntactically,
Chinese does not have any noun declination or verbal conjugation. In many
cases, it is difficult to clearly differentiate between word compounds and syn-
tactic phrases.® However, as will be seen in the following section, there is a

new trend in morphology of modern Chinese.
e Trend of disyllabification

In modern Mandarin Chinese, there is a strong tendency toward dissyllabic
words, while the predominant monosyllabic words in ancient Chinese remain
more or less a closed set.

This tendency could be explained in view of some historical linguistic

viewpoints, for since the Yuan Dynasty (1206 AD), Chinese has gradually

"It is noted that though Chinese writing is primarily syllabic, it is not a syllabic writing
system due to the fact that most characters posses semantic radicals, (sense identifier).
Thus, some propose that Chinese is best described as a “morpheme-syllabic writing sys-
tem” in which radicals and phonetic parts serve mutually diacritical functions.

81t is impossible to see or to hear if a word is a noun, a verb or an adjective, and in
ancient Chinese most words could be used as noun, verb, adjective or adverb.
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lost its consonantal endings like -t,-k,-p,-m, retaining only -n and -ng.? This
has greatly reduced the number of monosyllables that can be used while,
on the other hand, new characters had to be created to cope with the more
and more sophisticated requirements of verbal communication. This state of
affairs inevitably brought about an increase in homophonic clashes. For the
language to find a way out of this dilemma, disyllabification has naturally
become the device needed to resolve these homophonic clashes.

Once this dissyllabic tendency set in, it greatly influenced the develop-
ment of the Chinese lexicon:

(1). This tendency causes disyllabification not only of monosyllables but
also of polysyllabic constructions. For instance, a quadrisyllabic nominal
phrase like Bl® %4 /gud jia an qudn/ “national security”, in which gud jia
means ‘nation’, and an quan means ‘security, safe’; It is shortened to a disyl-
labic compound word B4 /gué an/, taking the first and the third character
of the original structure. Similarly, a quadrisyllabic verbal phrase like Z 48
4B /hu xiang mian i/ “mutually encourage”, in which /htu xiang/ means
“mutually”, and /mian i/ “encourge”. It is abbreviated as a disyllabic noun
Z#.19 Thus condensation works hand in hand with expansion to disyllabify
every possible lexical structure that comes its way (Yip 2000).

(2). This trend also plays a dynamic role in creating new words in modern
Chinese. Unlike the monosyllabically oriented ancient Chinese, the increase
in words is reflected in the increase in written symbols, whereas in modern
Chinese, the increase in words corresponds directly to the increase in di-
syllabic combinations. For example, the JE#AH% (atypical pneumonia) in

China is often expressed as FF# in newspaper and other media.

9The following descriptions are extracted from Yip (2000).

ONote that polysyllabic constructions with more than 4 syllables are also often short-
ened to trisyllabic constructions. for example, EFAFIER (department of information
science) condenses to BRI, As for which characters should be retained for the new struc-
ture, this is an interesting theme to be explored.
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Figure 2.2: The word length distribution of Chinese characters

One set of statistics!! shows the proportion of different polysyllabic struc-
tures (Figure 2.2). This diagram should give some idea of disyllabic predom-

inance both in actual usage and in the lexicon proper.
e Relative flexible semantic constraints in compounding

In practice, we often find that a single word in a European language often
translates into modern Chinese as a sequence of two morphemes, that is, as
two characters. However, it is difficult to identify these unambiguously as
single compound words akin to English examples like blackbird, interview,
or overthrow, because the borderline between morpheme combinations is
vaguer for Chinese than it is for English. To put it simply, a Chinese speaker
is relatively free to group morphemes into different combinations.

In many cases, a Chinese speaker sees these morphemes as the blocks
of conceptual combination which the language-system supplies, and utilizes
these building blocks to express things and ideas even within the domain
of individual language-use. Of course, this should not be exaggerated, for
there certainly are very many cases where a particular compound word of
two morphemes is strictly constrained within its own fixed and idiosyncratic

semantics; but in relative terms, we may say that Chinese morphemes have

1Yi, Xiwu (1954:10-11)
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more freedom of combination than do the morphemes of English or other
European languages.

Since morphemes are relatively free to combine with one another gram-
matically, the result is that for Chinese there is no very clear-out notion of
“word” as a unit larger than the morpheme. This constitutes one of the main

linguistic issues which will be discussed in next section.

2.2 Character Structure Units and Linguistic Issues

This section introduces the structural units of Chinese characters and one of

the most fundamental linguistic issues in Chinese computational linguistics.

2.2.1 Constituent Units of Chinese Characters

A Chinese character is an ideogram composed of mostly straight lines or
“poly-line” strokes. A number of characters contain relatively independent
substructures, called components, and some common components (tradition-
ally called radicals) are shared by different characters. Thus, the structure of
Chinese characters can be seen to consist of a 3-layer hierarchy: character,

component and stroke.

e Character
A character can be seen as a pattern with the appearance of a rectangle
or square. Its appearance is basically determined by the shape of basic

strokes and their combination.

Roughly, characters can be divided into two categories: #H#5(/du ti
71/, ‘independent Hanzi’) and 4-#% (hé ti 71, ‘combined Hanzi’). The
only difference lies in the fact that the latter is composed of at least
two components, while the former stands alone as a complete unit. For
instance, in Figure 2.3, 3% (/yu/, ‘language’) is a combined Hanzi, be-

cause it consists of two components: & (/yan/, ‘speech’) and &(/4/,
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‘we’). The component &, as an independent Hanzi, has similar mean-

ings but is clearly distinguished from the meaning of the Hanzi 3.

According to the investigation of characters in common use (Scurfield
1991), 90 % of characters belong to the combined Hanzi, while only
the remnant 10% as independent characters. Most of these 10% of
characters come from original characters (pictographs) in the historical
development of Chinese characters. Some of the original characters
continue to be used as individual characters, while some of them are

now only used as components of a character.

Component
A component can be regarded as a minimal meaningful unit within a
character. A component of a character may be a character itself, or

any structural part of another character.

In the traditional view, the overwhelming majority of characters con-
tain two kinds of components: a phonetic component and a signific
component (also termed “radicals”). The former indicates with fair ac-
curacy the syllable of Chinese for which the characters stand, while the
latter identifies a broad semantic category of the character in question.
Radicals have always been used as a lexicographic ordering principle,
and are used in almost all indexes to facilitate finding characters in

dictionaries.

A limited number of components, provides the stock for forming a
potentially infinite number of Chinese characters. This has led some
scholars to believe that such a system of radicals contains not only clues
regarding the evolution of characters, their pronunciation and meaning,
but also the secret to the logical structure that they presume underlies

the language as a whole (Porter 2001).

It is worth mentioning here that there has not been a commonly ac-
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Table 2.3: Number of radicals: A comparison

dictionary name num. of radicals
FXMEF (An Analysis and Explanation of Characters) 540
A7 # (KangXi Dictionary) 214
%4 (Sea of Words) 250
#E 7 (New Chinese Dictionary) 180
EEAFH (Great Chinese Character Dictionary) 201
HEEARHE (Great Chinese Word Dictionary) 201

cepted idea of how many components there are and how to classify
them semantically. Table 2.3 shows a comparison of the number of

radical components in different dictionaries.

According to the Cang-Jie Theory which will be elaborated on in Chap-
ter 3, the component layer consists of two parts: 54 (character head
component) and % (character body component). A character head
component, similar to a radical, originates from pictographs in Chinese
characters. This component provides a major semantic category and
occupies an independent position in a character. A character body
component, like a signific component, gives a phonetic clue; but it also

contributes to the refinement of meaning of the character.

Stroke

No matter what kinds of components, they can be ultimately further
simplified to simple combinations of basic strokes. A stroke is defined
as a dot or a continuous line confined to a square-shaped area, such as
— (horizontal stroke), J (falling to the left), L (narrow angle open
right), ‘6 (double hook) and so on. In some literature, a stroke is
defined as a grapheme, the minimal graphic unit of Chinese characters,
for the structure of their shape can be defined entirely by these primitive
strokes. All characters are composed of a combinaation of eight basic

strokes (though calligraphers note as many as 64). The general rules of
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a2 (linguistics) ; FRAEHE (corpus)
1e7E (German); HFh (Japanese);

&= (language); E&:M (intonation)

Words - + - « .

Character - - - « « « « « « o 3% (language)
Components - - - - - S (speech) - - -« - oo E (we)
stokes -+ | [ [ | | ] L

Figure 2.3: A three-layer hierarchy of the Hanzi lexicon structure

stroke orders are from top to bottom, from left to right and from the

outside to the inside.

Figure 2.3 shows an example of the 3-layer structure of Hanzi.'? The
character 3% can be divided into two components: % and &, which can be
further decomposed into basic strokes, respectively. And the character &
(language) can become one part of various semantically related words such

as 5% (linguistics), 3% (German), 33 (intonation) and so on.

2.2.2  Word/Morpheme Controversies in Chinese

In this section we introduce two crucial linguistic issues: the definition of the
terms word and morpheme in Chinese.

Having a clear definition of what a word is seems like a prerequisite for
all kinds of linguistic study. However, the question “What is a word?” in

Chinese still has no definition which is universally acceptable at present.!

2For technical reasons, the strokes are not demonstrated.
13As Packard (1997) noted, there was no term in Chinese for “word” as distinct from
“character” until the beginning of the twentieth century. The current expression for
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For speakers of English, a typical word has a pronunciation, a spelling,
a meaning, and a “part of speech”, which can be found in the “dictionary”.
Words in written texts are bounded by spaces or punctuation on either side.
On the contrary, it is somewhat different in the case of Chinese. The writ-
ing system is non-alphabetic, written syllable by syllable, and it is not easy
to identify a word in the text due to the fact that there are no separators
(like spaces in written English texts).!* For example, is &% /wei hin/ (lit:
not-married; “single”) a word with two characters, or two words with one
character respectively? Should :3AAHER /tu di gong you zhéng ceé/ be sep-
arated into x3 (/tu di, ‘ground’) A% (/gong you/, ‘public-owned’) Bk
(/zheng ce/, ‘policy’), or i (/tu di gong/, ‘Kobold’) & (/you/,'has’) %
#® (/zheng ce/, ‘policy’) or something else entirely?

Even native speakers of Chinese disagree on what a word is. There are
multiple studies’® (Wu and Fung, 1994; Sproat et al., 1996; Luo and Roukos,
1996) showing that the agreement between two (untrained) native speakers
is about upper 70% to lower 80%. The agreement between multiple hu-
man subjects is even lower (Wu and Fung, 1994).1% Proper names, number,
measure units and compound words constitute the main factors that hu-
man subjects differ in word segmentation, although these ambiguities do not
change a human being’s understanding of a sentence. In the area of NLP,
such low agreement among human judges affects directly the evaluation of
machines’ performance as it is hard to define a gold standard, which leads to

the well-known knotty word segmentation issue in some Asian languages.!”

“word”, namely, & (ci), is a learned term, used mostly only in linguistics.

1‘“l“heoreticadly7 for a given sentence C1C3Cs...C,, there are 2"~ ! possibilities of seg-
mentation, where n stands for the number of characters.

15These are quoted from Luo (2003).

6Many psycholinguistic studies have also reported that there is disagreement among
the word-marking responses. See Hoosain (1991).

I7Currently, there are three proposed segmentation standards widely adopted in Chinese
NLP: the Mainland Standard of China (GB-T 13715-92, 1993), the ROCLING Standard of
Taiwan (Huang et al., 1996), and the University of Pennsylvania-Chinese Treebank (Xia,
1999).

34



There have been different definitions of words from the viewpoints of the-
oretical linguistics definitions, the most complete recent linguistic discussion
of this topic is given by Packard (2000), where he discusses the notions of
the Chinese word from orthographic, sociological, semantic, syntactic, psy-
choliguistic perspectives ... and so on. A detailed review is beyond the scope
of this chapter. Generally, this thesis inclines to agree with Sproat’s review in
that the linguistic theoretical approach proposed tends to be more principled
at an abstract level, but harder to pin down when it comes to specifics.!® In
addition, Sproat’s pragmatic “moral” in doing Chinese NLP is also taken
here: “There correct segmentation depends on the intended purpose of the
segmentation.”

The issues discussed above are indirectly related to another fundamental
problem: What is a morpheme in Chinese? Again, it is not as clear-cut for
Chinese as it is for European languages.

By defining morphemes as the smallest linguistic units in language to
which a relatively stable meaning may be assigned, most linguists find it easy
to think that Chinese words are made up of one or more morphemes, and the
common acceptable notion of the Chinese morpheme is further defined as a
single syllable, or a single character. As introduced previously, a morpheme in
Chinese is something that is written with a single character, and pronounced
as a single syllable. At first glance, this seems to be true, but such a position
comes up against some intractable problems which, although not central,

deserve to be discussed:

1. Disyllabic morphemes
Sproat (2000) extracts a list of disyllabic morphemes that occur more
than once from a 20 million character corpus, such as 3% /langqgiang/

(hobble), 5% /chéuchi/ (hesitate). These pair of characters can only

18See Sproat and Shih (2001); Sproat: Review of Packard. (2001). In LINGUIST LIST
12.897).
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co-occur with each other, that is, they are disyllabic morphemes which

therefore violate the notion of the “monosyllabic morpheme”.

2. Borrowed polysyllabic morphemes
Another problem raised by Sproat and Shih is the foreign names that
have been borrowed into Chinese, such as #%3i%4 /It tou she/ (Reuter’s
News Agency) and F42%4% (Arafat) even have three and four syllables,

which constitute an exception to the aboved-mentioned notion as well.*

To sum up, the aim of this chapter was only to provide a bird’s-eye
view of Chinese characters. Viewed some of the distinctive features of the
Chinese lexicon, which differs from the alphabetic and non-tonal system of
most European languages, will enable us to undertake a more penetrating
study of the lexicon in general. With this in mind, in the following Chapters,

we will inaugurate a new survey of Chinese characters.

19Tn order to avoid the inclomplete explanation of the “morpheme” notion, and facilitate
the analysis of the lexical structure of Chinese, Yip (2000) tries to propose an alternative
notion: mononym. According to her, this is a set of monosyllabic word-building primes
in Chinese, which differs from a morpheme in the sense that (i) it can be not only a
meaningful morpheme, free or bound, but also a sub-morpheme lacking meaning (like ‘-
ceive’ in ‘receive’); (ii) it is exclusively monosyllabic; (iii) it is always potentially separable
from other mononyms and formally deployable in its own right. However, this alternative
notion seems to avoid dealing with the three main points mentioned here. For more details

about Chinese mononyms, please refer to Yip (2000).
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Chapter 3

A Review of Hanzi Studies

The purpose of this chapter is set out to review the ancient and current study
of Chinese characters (also called Hanziology). It begins by outlining some of
the historic developments from the ancient Chinese lexicography and philol-
ogy, to contemporary discoveries in the linguistics. Generally, characters can
be viewed from different angles. This chapter concentrates mainly on dis-
cussions about the structural descriptions of the Chinese characters as well
as the psycholinguistic observations. As this thesis is primarily about Hanzi
and concept, emphasis will be placed on the issue concerning the semantic
information which Hanzi “carries”. This sets the scene for an exploration of a
theoretical framework currently proposed in the contemporary Hanzi study.
In the process I hope to clarify some of the crucial issues in the literature
about Chinese writing system, and lay out the foundation of our survey in

the coming chapters.

3.1 Hanziology: A Definition

A science begins with the identification and definition of its object of study.
In the case of a writing system, it can be defined as “a system of more or less

permanent marks used to represent an utterance in such a way that it can be
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¥ (Form)

Hanzi

& (Sound) «———» 2 (Meaning)

Figure 3.1: Hanzi triangle

recovered more or less exactly without the intervention of the utterer.”! Due
to the specifics of Hanzi, the studies of Hanzi is difficult to anchor. For the
reader with alphabet script background, there could be some perplexity if
confused with some similar disciplines, such as Orthography, Etymology, and
Onomasiology.?

In China, the study of Chinese characters in ancient times was called
“Xiao-Xué” (%), which means “the teaching of characters to children”. Be-
fore the 19th century, most linguistic study in China centered on the char-
acters: their closely interconnected relationship between forms, meanings
and phonological structures (see Figure 3.1). Correspondingly, there have
been three traditional branches of Chinese philology: Wénzi-Xué (scriptology)
Xungu-Xué (text-based semantics) and Shengyun-Xué (historical phonology),
which target these tripartite properties of Hanzi respectively.

In the 1950s the scriptology was referred to as &% /Hanzi-Xué/ (Chinese
characterology or Hanziology). Since the 1980s, a new synchronic discipline
called modern Hanziology (or Sinographemics) has emerged in China. In or-

der to differentiate this from traditional Hanziology, which focused mainly on

!By this definition from Daniels and Bright (1996), writing is bound to language,
consequently, pictograms that are not couched in a specific linguistic form are excluded.

2With its German synonym Bezeichnungslehre, Onomasiology is the subdiscipline of
semantics which starts out from “Sachverhalten und Begriffen der realen Welt” looking
for appropriate linguistic expressions (Worter/Wortformen) to denote them. (Bufimann
1990: 545,672)
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the diachronic aspects of the forms, meanings and pronunciations of Chinese
characters, modern Hanziology deals with various uses of characters today in-
cluding their use in information processing for computers. It is a multifaceted
script science which, in addition to traditional methods of analysis, such as
the “Six Writing” approach, (which to be introduced later) also employs the-
ory and resources from contemporary linguistics, statistics, cognitive science
and computer technology. In the following, we will review these by selecting

some main points in the context of Hanziology.

3.2 Indigenous Frameworks

Before pursuing the theme any further, this section delineates first what may
be called the traditional view of Chinese characters. Specifically, T'll focus
on two classical theories: XuShen’s six writings of Hanzi classification, and
Wéng Shen-Méi’s right-hand side assumption which could be of great benefit

to the understanding of later discussions.

3.2.1 Six Writing: Principles of Character Construction

During the Han Dynasty, around 120 A.D., a philologist named Xiu Shén,
compiled the earliest “dictionary” of Chinese characters {5 /Shuc Wén
Jig Zi/ (“An Analysis and Explanation of Characters and their Components” )
with a compilation of 9,353 characters. He divided them into six categories
according to the way they were constructed, and called them Liu-Sha, (“the
six writings” or “the six principles”). It can be seen as an early classification
system that intended to assign every character to one of the six categories.
These six principles were not devised by Xu Shen himself, but were
merely his induction and summary of the ancient ways of creating characters.
Strictly speaking, only the first four of these categories are true methods of
character construction; the last two categories are just methods of expanding

the range of use of an existing character. In the following, we illustrate these
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six categories mostly based on Yip (2000):3

1. Xiang-Xing (%% : lit. “resembling shape”, the picto-graphic principle):
Characters made by this principle are simple drawings aimed at repre-
senting real-life concrete objects, later, these characters were stylized
into a squarish pictograph. For example, H /ri/ (“sun”) was originally
the drawing of a circular sun with a dot inside; and # /mu/ (“mother”)

originally the drawing of a woman whose breasts have been highlighted.

2. Zhi-Shi (4% : lit. “pointing at situations”, the picto-logic principle):
This principle indicates that a stroke can be added to a pictograph
posing as a logical reference point for the matter under discussion. e.g.
f2 /xie/ (“blood”) - a dot is seen above m /min/ (“vessel” especially
that which was used during an oath ceremony) to mean the blood
itself; and for the character & /bén/ (“fundamental”), a horizonal line

is added to & /mu/ (“tree”) below, indicating where the “root” is.

A subset of this types is composed of characers whose component
strokes designate purely abstract notions such as number. e.g. — (one),
= (two), = (three). Characters of this kind make up the smallest pro-

portion of Chinese characters.

3. Hui-Yi (&% : lit. “assembling meaning”, the picto-synthetic principle):
Two or more pictographs can combine together to form a new charac-
ter. In this case, the meaning of the resulting character is a function of
the meaning of the pictographs of which it is composed. e.g.B8 /ming/
(“bright”) is composed of B /ri/ (“sun”) and A /yue/ (“moon”); f&
/xin/ (“trusting”) is composed of A /rén/ (“man”) and & /ydn/
(“speaking”).

4. Xing-Shéng (## : lit. “integrating shape and sound”, the picto-phonetic
principle):

3More information in English can be found at http://www.chinaknowledge.org
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A meaning component (also known as a “radical”, “determinant” or
“classifier”) combined with a sound component which serves as a pro-
nunciation guide. e.g.# /qing/ (“lift up”), where the component ¥
/shou/ (“hand”) signifies the basic semantic category, and the compo-
nent # /jing/ gives a clue of pronunciation. The overwhelming majority

of modern Chinese characters belong to this category.?

As we can see, the four principles of character formation described
above do not totally deviate from a pictographic stance. However, in
the development of the writing system, there are some abstract ideas
for which pictographic devices would not work well. The following two

principles came into scence to fill the vacancy.

5. Zhudn-Zhu (#:% : lit. “mutually interpretation”, the mutually interpre-
tive symbolic principle):
A new character is created based on the borrowing of an existing char-
acter with a similar meaning. For example, “it so happened that the
meaning of ‘deceased father’ finds a semantic overlap in the character
% /lao/ (“old man”) and, deciding to borrow part of its form and pro-
nunciation, comes up with # /kdo/, retaining the top written element

and vowel quality of the borrowed form.”?

6. Jid-jie (&4 : lit. “false borrowing”, the phonetic loan principle):
This time the borrowing procedure may not be thinking in terms of
the similarity of meaning but that of sound. For example, if we want
to assign a character to the notion of “want” (/iao/), we find that
this is not easily depicted by a pictograph. A convenient way to solve

this problem would be to borrow a homophone (% iau, “waist”) among

4Tt has been claimed that, as many as 97% of Chinese characters can be analyzed as
this type. See DeFrancis (1984).

5Qver the years there have been various interpretations of these two principles. I adopt
the explanation and examples chosen by Yip (2000:42).
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existing characters for the purpose, despite that fact that there is no

connection of meaning between the two.°

Another important contribution of Xu-Shen worth mentioning here is the
invention of the semantic radical classification system. In “Shuo Wén Jie Zi”,
characters can be composed from a range of 540 semantic radicals (buishou).”
These “radicals” became integral parts of characters and describe fields of
meaning. The modification of extant characters by additional (semantic)
radicals can lead to an enormous increase of their number. For example,
characters such as # (embrace), #& (pluck), #t (grasp) all share the radical #
(hand).®

3.2.2 You Wén Theory

As already mentioned, characters following the picto-phonetic principle con-
stitute the major part of Chinese characters, and these characters have be-
come the main object of the study of Chinese writing. However, in the Song
Dynasty, a philologist named Wéang Sheng-Méi raised the so-called You Wén
Shud (#H X3, lit: “right component theory”). The kernel of this theory is an
alternative interpretation framework concerning the meaning composition of
characters as a whole (X #%%). Based on his analysis, not only the radi-
cal gives a clue about the meaning of the combination as a whole, but the

phonetic parts which mostly stand on the right hand side, contribute to the

6To avoid the proliferation of such homonyms, there are other mechanisms involved.
This is, however, beyond the scope of this thesis. Interested readers are referred to Yip
(2000).

"The second Qing Emperor KangXi (who reigned 1662-1722) commissioned the com-
pilation of a dictionary of Chinese characters. In 1716 the Kang-Xi ZiDidn or Kang-Xi's
Character Dictionary appeared. The work collected a total of 47,035 character and reduced
the numbers of radicals to 214. Modern dictionaries today still use this system, sometimes
adding their own radicals.

8 After a long standing evolution, many scholars believed that the meaning-indicating
function of the radicals has became variable. Coulmas (2003:56-57) even claims that, con-
sidering the great diversity of radicals, “it is impossible to see in them anything resembling
a logically consistent and comprehensive system of semantic categories,” others disagree.
The next chapter will go more in detail.
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meaning composition as well (##3#%). Though this theory took a back-
seat to traditional Hanziology, since its emergence, there has always been a
polemical undertone along this line, till the present time, many echos are still
easy to be found. This background knowledge can provide a basis for the

controversial issue which will be discussed later.

3.3 Contemporary Linguistic Studies

Chinese characters have been one of the main concern in some European
philosophical writings (e.g., Leibniz(1971), Humboldt(1979), Derrida(1970)).
This section gives an overview of Chinese writing in the linguistic study
of writing systems: its status in the classification of human writing; and
fundamental controversies involved in respect of structural descriptions and

psycholinguistic viewpoints.?

3.3.1 The Classification of Writing Systems

In the post-Saussurean era, most linguists working in the area of global writ-
ing systems have paid much attention to nomenclature and typology. The
tripartite scheme of ideogram, syllabogram, alphabet was the most notable
one and has remained the most popular, but has led to some suggestions
about the nature of certain scripts, and several alternatives have been of-
fered (Daniels and Bright 1996).

In Sampson’s classification scheme (Sampson 1985:32), writing as a whole
can be semasiographic or glottographic (see Figure 3.2). He used the term
semasiographic systems for systems of visible communication which indicate
ideas directly, without tying them to any one spoken language. In contrast,
glottographic systems provide visible representations of spoken-language ut-
terances. Writing systems, as Sampson saw them, and in keeping with the

widely accepted meaning of the term, are all glottographic. Note that in Fig-

9This section is written based on a previous paper, Hsieh (2003b).
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polymorphemic morphemic  syllabic segmental featural

Figure 3.2: Sampson’s classification scheme

ure 3.2, the dotted lines indicate, for example, that the problem of whether
semasiography is deemed to be true writing or not, is open to question.
Among glottographic systems, the major division is between logographic
and phonographic scripts. Logographic writing systems make use of sym-
bols that represent words or concepts. The shape of the symbols employed
is often closely related to the meaning of the respective concept. In contrast,
in phonographic writing systems, the meanings of the objects denoted by
the symbols does not play a role. They establish a relationship between the
symbols employed and the pronunciation of the elements denoted.

Sampson asserts that Chinese writing is a logographic (- morphemic)
rather than a phonographic system (as marked in Figure 3.2). This is because
Chinese characters do not encode phonological information, but represent
morphemes directly. As introduced in the previous section, the units of
script are co-extensive with syllables, which are phonological units. For this
phenomena, Sampson argues that this is merely “.. an accidental consequence
of the fact that in Chinese the minimal meaningful units, or morphemes,
happen always to be one syllable long” (Sampson 1985:148).

It is remarkable here that Sampson opposes the notion supposing that
Chinese writing is semasiographic, what he called a very widespread misun-

derstanding among Western intellectuals. Such a viewpoint, he continues,
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Major types Subordinate types Examples
syllabic systems "pure" syllabic systems [Linear B, Kana, Cherokee, Yi
morphosyllabic systems Chinese , Mayan

consonantal systems|'pure" consonantal systemsPhoenician, Hebrew, Arabic
morphoconsonantal systems [Egyptian

alphabetic systems |"pure" phonemic systems Greek, Latin, Finnish
morphophonemic systems English, French, Korean

Table 3.1: DeFrancis’s classification scheme

is reinforced by the common use of the word ‘ideogram’ to refer to Chinese
graphs, suggesting that they stand for ideas rather than words.

Such accounts of script types are not wholly without controversy. De-
Francis (1989) has even made a stronger claim that all full writing systems
are largely phonographic, that no true logographic scripts exist. He even con-
tends further that we need to throw out the term “ideographic” altogether.

In fact, DeFrancis’s argument is simply based on the mainstream at-
titude toward the structural interpretation of Chinese characters we have
introduced: The large majority of Chinese characters that have been cre-
ated throughout history are “semantic-phonetic compounds” (##%), where
one element in character gives a hint of the meaning, and the other element
gives a hint about the pronunciation. For example, of the 9,353 characters
that had been developed up to the second century A.D., about 82% of these
characters were semantic-phonetic compounds (DeFrancis 1989:99). Thus,
for DeFrancis, Chinese writing is not logographic at all, but rather what he
terms morpho-syllabic — It is basically a phonographic writing system with
additional logographic information encoded. Figure 3.1 shows DeFrancis’s
classification of writing systems.

As Sampson observes,'? it is logically possible that a writing system could

encode various levels of linguistic information. However, the fault of these

0 Quoted from Sproat (2004) in his course “Writing Sytems”, Spring semester 2004. In
http://catarina.ai.uiuc.edu/L403C/lecturel.html.
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Figure 3.3: Sproat’s classification scheme

taxonomic settings lies in their dependence on the notion of “purity”, that
is, any given writing system must be either meaning units (thus, logography)
or sound units (thus, phonography).

In reality, a pure phonographic system is impossible, for writing does not
equal phonetic transcription; neither does a pure logographic system exist
today.!! The writing systems in current use are rather of mixed types to a
certain extent. In his later article, Sampson (1994) also suggests that assign-
ing a writing system to a particular category must depend on a subjective
judgement as to how close and regular the relationship between pronuncia-
tion and written form needs to be before one treats that relationship as the
central organizing principle of a script.

Therefore, we are in agreement with Sproat (2000:142) in stating that
it is important to realize that all writing systems probably have some de-
gree of logography - defined as the graphical encoding of nonphonological
linguistic information. Writing systems can thus be classified minimally in
a two-dimensional space according to what types of phonological elements
are encoded and what degree of logography they encode. Figure 3.3 shows
Sproat’s classification scheme.

Recently, following Sproat’s basic notion, Fukumori and Ikeda (2002) pro-

HThe pictographs (%5 ) apearing in the early stages of Chinese script might be called
logographic.
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posed a new system of classifying writing systems based on the language they
convey, the linguistic unit(s) they represent (i.e. words, syllables, consonants,
segments, and semantic classes), their graphic shapes, and if known, their ge-
nealogy. According to them, writing systems can thus be represented in the

following format:
language-( shiki) unit-(B gata (genealogy-)) shape-(3 kei writing)

So Chinese characters in this theme can be represented as ¥ BEX &%
FHREF A F (Chinese-shiki logographic-syllabic-gata Kanji-kei writing). And
Ugartic script as: (Ugaritic-shiki consonantal /syllabic-gata Ugaritic-kei writing).
Unfortunately, in this proposed format for representation, no explicit expla-
nations for these predefined items are provided; on the other hand, the mixing
of language and writing classification could result in more difficulties.

To sum up, we have introduced three main models proposed for the study
of writing systems, which could be called the taxonomic model (Sampson and
DeFrancis), the probabilistic model (Sproat) and the type-feature model (Fuku-
mori and Tkeda). Among these, the probabilistic model seems to be the best
model in flexibly explaining the complexities of writing systems. However,
as a reasonable explanation model, it suffers a crucial deficiency: in spite of
the fact that the term degree is used; since we have no commonly accepted
quantitative measurement for the amount of logography, to what degree,
for example, do we say that Japanese is more logographic than Chinese (as

depicted in Figure 3.3)7'2

3.3.2 Ideographic or logographic?

Actually, the core of the continuing debate mentioned above can be refor-

mulated as: What kinds of information does Hanzi represent? or in linguistic

12Bosch (1994) proposed a quantitative measure of the orthographic depth. But unfor-
tunately, it can only deal with relation between spelling and phonology. See Bosch et al.
Measuring the complexity of writing systems. In Journal of Quantitative Linguistics No.1.
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parlance, Do Chinese characters constitute an existing of logographic, phono-
graphic or ideographic writing? This question gives rise to the main standing
controversy in the study of the Chinese writing system. Though Sproat
(2000) has resolved it successfully in terms of the notion of “degree”, there
seems to be something missing.

Before we embark on this something, two terms logogram and ideo-gram
should be defined. A logogram (or logograph) is a single symbol that rep-
resents a complete grammatical word or morpheme; while an ideo-gram (or
ideograph) is an pictorial element expressing not sound, but an idea.

Leibniz (1971) stood on the ideographic side, while Saussure, Sampson
and even Chao, a famous Chinese linguist, all insisted that Chinese charac-
ters constitute a logographic writing system, which represents spoken words,
not ideas. Chao even claims that this position has been recognized by Sinol-
ogists ever since the first half of the nineteenth century. The representative

paragraph from Chao is as follows:!3

[ ... ] from very ancient times, the written characters have become so
intimately associated with the words of the language that they have
lost their functions as pictographs or ideographs in their own right
and become conventionalized visual representations of spoken words,
or “logographs”. They are no longer direct symbols of ideas, but only
symbols of ideas in so far as the spoken words they represent are
symbols of ideas.

For Sampson, the commonly used term “ideographic” should be avoided
because it is not clearly defined, and furthermore, it blurs the crucial dis-
tinction between semasiographic and logographic systems in his classification
scheme. There are also others who have been severe in criticizing those who
think that Chinese writing is either ideographic or that Chinese characters
always function logographically. For example, DeFrancis (1984) even holds
the view that Chinese characters today, just like alphabetic writing, serve

only as written tokens of the spoken language. He called the notion that

13This paragraph is quoted from Harris (2000:145).
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Chinese characters represent meaning directly, without reference to speech,
the Ideographic Myth. For DeFrancis, the “logographic” symbol proposed
by Sampson, still corresponds to what he called an “ideogram”.

This discusion seems not to be fair to the notion of the “Chinese script
being an ideographic script”, for most of them do not reveal comprehensive
knowledge of Sinology. By sticking to certain mainstream doctrines, thus
negleccting some alternative indigenous theories like the You Wén Theory,
many researchers have no difficulty convincing themselves that Chinese writ-

ing is more or less of this type or that type.

3.3.3 Word-centered or Character-centered?

As we have seen, the current theoretical linguistic models of writing systems
seem to fail to be in accord with each other in classifying Chinese writing
system into the taxonomy of human writing systems.

In contemporary Chinese linguistics, in addition to the controversy of
word and morpheme introduced in section 2.2.2, how to anchor the char-
acter in linguistic theory construction of Chinese is controversary, too. For
instance, character-centered (in contrast to the mainstream word-centered)
approach claims that Chinese characters could not solely be regarded as
writing units. Due to the tripartite property, they should be at the center
of the study of Chinese linguistics, cognition, conceptualization, all these are
intricately bound up with the way in which Chinese classify and convey their
experience of the world through Chinese character.!*

We believe that such debates might be illuminated from the results of psy-
cholinguistic experiments. Sometimes the conclusion appears quite different
when psycholinguistic data are considered, for psycholinguistic research does

not deal with specifying the interrelationships of the elements that constitute

14The detailed discussion of this debate between character-centered (F44%) and word-
centered (#44%) is beyond the scope of this thesis. Interested readers are refered to Xu
(2004), Pan (1997).
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a writing system, but instead, how a writing system works in terms of ac-
tual perception, processing and production. So now we turn to the domain

5

of psycho-neurolinguistical studies of Chinese characters.!> The questions

considered here are reformulated by Packard (2000:284) as follows:

e What is the Chinese “mental lexicon” 7

e Are words or characters “stored” in and “access” from the lexicon as

“gestalt wholes” 7

e What role does a character play in accessing the Chinese lexicon?

In general, the lexicon of a natural language may be understood as all
of its words and their synchronic uses. It is popularly known as vocabulary.
The mental lexicon is a repository with long-term memory where a language
user’s knowledge of the lexicon is stored in a flexible manner. And lexical
access is understood here as, given orthographic or phonological input, the
“route” of access to find the best match “listed” in the mental lexicon.

In the research of the Chinese mental lexicon, some experiments have
found that, as in the case of English, the Chinese mental lexicon takes words
as its basic constituents.!®

However, it must be pointed out that though the lexicons of all languages
might share some similar properties, they do not necessarily contain similar
lexical items or operate in the same way. For example, the “word superior-
ity” hypothesis which is well tested in alphabet script-based languages has
not been by all any means strictly ruled out for ideographic script-based

languages like Chinese, since the lexicalization of the objective world with

5Literatures on the relavant psycholiguistic study of Hanzi are plentiful. This subsection
will focus on two subjects: the mental lexicon and lexical access. For an in-depth coverage
of specific theorectical controversies, relevant texts are cited in Li et al.(eds). (2004).
Handbook of East Asian Psycholinguistics.

16Tn addition to psycholinguistic experiments, Huang et al (1998) also adopt a corpus-
based investigation of the Chinese mental lexicon. The result shows that words reflect
psychological reality.
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its multifarious phenomena from different speech communities with subjec-
tive imaginations can be an arbitrary language-specific and culture-specific
process.

In their introduction to a special issue of Language and Cognitive Pro-
cesses devoted to issues of processing Fast Asian languages, H.C. Chen and
Zhou (1999) expressed feelings of uncertainty similar to those of Chinese
psycholinguists about the concept of the word.

For instance, contemporary theories of language processing unexcep-
tionally consider words as the basis of complex comprehension pro-
cesses [...| This is not surprising, because, after all, words are trans-
parent units for speakers of European languages. However, it is not
obvious whether the same arguments and conclusions relating to word
processing that have been reached through psycholinguistic studies

with European languages can be generalized to other languages, such
as Chinese, in which words are not transparent units (pp. 425-426). 7

In fact, in the case of Chinese speech comprehension and production, the
question of interest is: what kind of unit is stored in the mental lexicon?
Many experiments have been done to attempt to answer this question: Ev-
ery word the speaker knows (Butterworth 1983); only morphemes and some
morphological rules (Taft and Forster 1975); words are stored in decomposed
fashion which are accessed via characters (Zhang and Peng 1992)... and so
on.'® Hoosain (1992) and Elman (2004) have showed that, a larger portion
of Chinese multimorphemic words, in contrast to English, are not listed in
the lexicon but rather ‘have meanings that are arrived at in the course of
language use’, and that the Chinese lexicon contains a large number of indi-
vidual morphemes and a “lexical tool-kit” which allows for the creation and
understanding of multimorphemic words (Hoosain 1992:126).

Another dimension of psycholinguistic research that might shed light on

the classification of writing is the study of the reading process which is a

17This paragraph is quoted from C-H.Tsai.(2001). Chapter 2.
8Tnterested readers can refer to Packard (2000:297).

52



hot topic in the research of the lexical access (Coulmas 2003). Some previ-
ous researches concerning the neural organization and processing of Chinese
characters, have used fMRI to compare brain activation, and suggested that
the underlying neuroanatomical mechanism of Chinese reading is unlike that
of English word reading.

Whereas alphabetic systems are based on the association of phonemes
with graphemic symbols, Chinese writing is based inherently on the associa-
tion of meaningful morphemes with graphic units. Zhou and Marslen-Wilson
(1996) even argue that in the reading process of Chinese, direct visual-to-
meaning is the only way to access information stored in the mental lexicon.

Over the years, such contentions have been vehemently rebuted by op-
ponents.'? Some reports show that there is no clear experimental evidence
supporting the hypothesis that reading a word written in Chinese involves
processes different from those involved in reading a word in an alphabetic
system (Giovanni 1992); other research has found that phonological infor-
mation is available and used by readers of Chinese as well, while semantics,
rather than phonology, is delayed at the character level (Perfetti 1999). After
reviewing the current main works in this field, Sproat (2004) made a cogent
concluding remark: “One must conclude that Chinese characters map, in
the initial stages of processing, to a level of representation that is basically
phonological.

Based on the current results of psycholinguistical studies, we seem to
come to a conclusion: Every writing system, including character-based ones
like Chinese, is basically phonographic. However, one hidden point here,
nonetheless, concerns the logic of theoretical development. Just like most
studies in the classification of writing systems, most psycholinguists presume
that the concepts of ideographic and phonographic are mutually exclusive.

The experimental design sets the ideographic property as a target at

19See Tzeng et al. (1992) and Kuo (2004) for recent reports.
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first, then experiments are performed to support, to what degree Hanzi carry
phonological information, or to what degree phonological information is in-
volved in the reading process of Chinese. To my knowledge, there has been no
theory or experiment done in a converse way: That is, assuming that every
script functions phonologically, an experiment is made to see to what degree
these scripts carry ideographic information. For example, in English words
with dis- usually denote negation; in Chinese, characters with the radical &
usually denote some mental state in respect of emotion.

In this context it is interesting to discuss the notion of the Orthographic
Depth Hypothesis (ODH) which is closely utilized in the psycholinguistic

research we have discussed. The ODH in its weak form 2° states:

“all written languages allow for both a grapheme-to-phoneme corre-
spondence route (route A), and for a lexical access route (route B-D,
or perhaps C-D) (See Figure 3.4). But the cost of each route directly
relates to the type of orthography (deep or shallow) involved (Katz
and Frost 1992)”

According to the ODH, the Chinese language, which has strong irregular-
ities between orthography and phonology correspondence, should be called
orthographically “deep” languages. Readers of Chinese in the naming exper-
iments?! might take the route B-D or the “deepest” route C-D.

Again, the notion of ODH is phonologically oriented. Experiments and
measuring algorithms for the Logography depth (or ideography depth) on
the other hand are expected.

20Quoted from Sproat (2004).

21This is a kind of lexical-access experiment, where subjects are presented with a written
stimulus on a screen, and are asked to read the stimulus aloud. The time between the
presentation of the stimulus and the onset of vocalization is measured.
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Figure 3.4: Orthographic Depth Hypothesis

3.3.4 Critical Remarks

In sum, as we have reviewed, previous literature reflects divergent views
in regard to the nature of Hanzi. While some linguists argue against the
traditional understanding of Hanzi and prefer a word-based phonography-
oriented linguistic setting, there are also some experimental psycholinguistic
data which support the claim that is consistent with the character-based
ideography-oriented linguistic setting, at least in so far as the notion that
characters have an independent status in the Chinese mental lexicon. More
specifically, a wide range of researchers from several different disciplines have
all, in their various ways, sustained or to rejoindered the proposition that
“Chinese writing is ideographic”. These discussions call for some general
considerations.

First, as to the question of whether Chinese writing is ideographic or lo-
gographic, DeFrancis misguided the direction of discussion in that, when we
say that Chinese writing is a sophisticated ideographic system, this does not

mean that it conveys only meaning without regard to sound. For those re-
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searchers who speak of ideographic writing, they do not necessarily content
that concept or idea writing is possible. What they want to emphasize is
rather that the signs of the systems they are concerned with are to be inter-
preted primarily not in terms of sounds but of meaning (Coulmas 2003:41).
Admittedly, from a semiotic point of view, there exists neither a purly logo-
graphic nor a purly phonographic writing system in today’s world. there are
probibilistic regularities rather than strict rules in describing the structure
of writings.

Secondly, for the psycholinguistic aspects, we have briefly reviewed the
Chinese case in the study of the mental lexicon and lexical access via reading.
There seems to have two camps in these repects as well. However, it should
be carefully verified that the two parties are focusing on the same facets of
a linguistic phenomenon (e.g. words, characters or one-character words ?).
In addition, though most experiments have shown that for the most part,
Chinese writing represents these phonetically, so do all real writing systems
despite their diverse techniques. The conceptual dominance of characters
results in words in Chinese not behaving as words in inflecting or agglutina-
tive languages. Aside from orthographic depth, a method of measurement of
logographic/ideographic depth is expected in the future.

Both structural descriptions and psycholinguistic modelling seem to pre-
sume that the notions of ideography and phonography are mutually exclusive.
We will argure that, at least in the case of Chinese script, the polyfunctional-
ity of signs is inevitable. Like Egyptian hieroglyphs, they serve as word signs,
phonetic determinatives and semantic classifiers at the same time (Coulmas
2003:60). To break the theoretical impassé, this thesis will take a pragmatic
position based on the tripartite properties of Hanzi: Chinese characters are lo-

gographic (morpho-syllabic) in essence, function phonologically at the same

time, and could be interpreted ideographically and implemented as concep-
tual primitives by computers. We will elaborate on this proposal in the next

chapter.
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3.4 Contemporary Hanzi Studies

3.4.1 Overview

Broadly conceived, linguistics is the study of language. Hanzi, though a core
topic in traditional Chinese philological studies, has only gained recognition
in the field of Chinese character teaching of the current time. Although many
excellent scientific works concerning with Chinese character have been made,
such as Stalph (1989), Bohn (1998), Harbaugh (2004), etc., most of them
focused mainly on the elaborate analysis of shape structure of character: its
component and distribution. Only very few of them, such as Ann (1982),
tried to give a systematic explanation of the ideographic trait of Chinese
characters. But the weakness of these works, as was criticized by Guder-
Manitius (1998:114), lies in their “Volksetymologie”- oriented approach, and
therefore came across as being rather impressionistic rather than scientific.
In the following, I will dwell on the semantic issues around Chinese char-
acters by sketching a new theorectical framework called Hanzi Genes Theory
(HG theory, hereafter) proposed by B.F. Chu and his colleagues.?? This the-
ory is based on the discovery of the interpretation of the conceptual dimension
of Chinese characters. In particular, it also tries to reveal the common sense

knowledge carried by Hanzi.

22Chu’s team at Culturecom Holdings Limited (www.culturecom.com.hk) has tried to
construct the blueprint of the general theory of Chinese characters. They have developed
many ideas and products concerning Hanzi-based Chinese information processing, such as
the vector glyph generation device and the CangJié Input method, the latter has become one
of the current standard Chinese input method. Other software and hardware solutions
for the Chinese IT market and the lesser developed world, include Chinese E-books, voice
and character recognition programs, Hanzi-embedded CPU (Culturecom 1610 and 3210
processors), a Chinese character driven multimedia platform (text-to-scene system), and
so on. In this section, I will deal only with language processing / understanding theses
explained in his book: Engineering the Genes of Chinese Characters. The laboratory website
is at : http://www.cbflabs.com (only in Chinese). For more information in English about
the CanglJié Input method, see http://www.cjmember.com
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3.4.2 Hanzi Gene Theory: a Biological Metaphor

It would be useful to informally first introduce some of the essential biological
terms which might be closely associated with the coming discussion.

All living organisms are composed of cells, and each cell contains the same
set of one or more chromosomes — strings of deoxyribonucleic acid (DNA) —
that serve as a “blueprint” for the organism. A chromosome can be con-
ceptually divided into genes — functional blocks of DNA, each of which is
assembled into a chain to make a protein. Very roughly, one can think of a
gene as a special sequence in a strand of DNA which encodes a trait, such
as eye color. The different possible “settings” for a trait (e.g., red, black)
are called alleles. Each gene is located at a particular locus (position) in the
chromosome.

The motive why biological terms have been used as an inspiration for
constructing NLP theories and systems for Chinese is that, to a certain de-
gree, the language of DNA and natural languages share similar traits.?® The
biologist R. Pollack (1994) discovered out, the DNA language of the cell, and
the way it is made manifest in protein, has its parallels in the Greek and
hieroglyphic Egyptian inscriptions found on the Rosetta Stone unearthed in
1799. DNA and the stone (as the French linguist Champollion decoded)
both carry a linear representation of a text into a sculptural one. In both,
information is “translated” from an alphabetic sentence of many letters (base
pairs or the Greek alphabet) into a sculptured figure (protein or hieroglyph).

Hanzi, like the hieroglyphs on the Rosetta Stone, could be thus analogized

23 Actually, in recent years, with the rapid advancing of bioinformatics, many quantita-
tive linguistic theories and language processing techniques have been contributed to this
new research area. By regarding information stored in DNA sequences as information
stored in natural language, a number of statistical methods successfully employed in NLP
are now being applied to the study of DNA sequences. See Mantegna et al (1994). Lin-
guistic features of noncoding DNA sequences. Physical Review Letters 73(23), and Ng
and Li (2003). Statistical linguistic study of DNA sequences. The 7th Conference on Al
and Applications.
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as a protein?* which undergoes the process of biological translation from genes
to proteins. While we cannot yet unveil the meanings of a gene the way a
protein does each time it folds into its active (“meaningful”) form, we have
learned how a protein is put together from the information in a gene (Pollack
1994).

The definition of “character” in genetics is: “A structure, function, or
attribute determined by a gene or group of genes.” We also find similar parallels
in defining “Chinese character (Hanzi)”: A form, sound, meaning determined
by a Hanzi gene or group of Hanzi genes.

Nonetheless, the Hanzi Gene still seems unclear at first sight. For Chu
(1992),%° genes are the basis of understanding and the most basic analyzable
unit within the system of the universe. Being built upon genes, all ideas
would be easy to figure out when their interfaces are clearly defined. Chu
even made a strong argument that “.... constructed from the genes of the
objects and events forming the cosmos, Hanzi comprises a limited set desig-
nated as the ‘genes of common sense that could be used to express limitless
understanding. Namely, the construction of Hanzi-encoded concepts is an
artificial form of ‘genetic engineering’ in which the ‘meaning’ could be inferred
from the ‘shape’ of the character.”

From here on, Chu starts to lay out the main tenets of his theory. In
short, HG theory proposes that the knowledge representation of the essence,
qualities, and properties of the objects and events surrounding us in the world
are all embedded in the characters. In this sense Chinese characters parallel
the genes of biology, which condense the life forms of all living organisms.
Like biological genes, a limited number of Chinese linguistic genes allow

the codification of all of the capabilities of language. The most significant

24Interestingly, the proportion of estimated number of proteins divided by the number
of genes 12800’880 is similar to the estimated number of currently-used Chinese characters

(in GB code) divided by the number of the radicals 22 ~ 33.3.

25Due to the difficulties of translation, the following brief explanation draws heavily on
the article and notes of Chu’s student Walter van Patten.
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implication is that a limited set of characters can create a kaleidoscope of
meaningful expressions.

In detail, this theory aims to capture the basic units (called Hanzi Genes)
by analyzing the six dimensions of Chinese characters on the computing
environment: order, code, shape, argument, voice and meaning (Chu 1992).
Not by just boosting the theory, Chu claims that a limited number of Hanzi
Genes have been found. Through the classification and sequencing of these
Hanzi Genes, the ultimate goal is to attain computational intelligence in
processing and understanding Chinese.

It seems that the theoretical ambition is grandiose. The scope is in-
tended to span the full range of interests from classical problems involving
the philosophy of the mind, through issues in cognitive science and life phi-
losophy to ideas related to artificial intelligence and computer science.?® The
following will not provide an exhaustive treatment of the entire panorama,
our primary emphasis will be placed upon the Order Genes, Code Genes and
Meaning Genes of Hanzi which could be of crucial importance in the field
of Chinese lexicography, computer processing and natural language under-

standing, respectively.

Order Genes (for the Character Sorting Problem)

The analysis of “order genes” is set to solve the sorting and indexing of char-
acters. As widely recognized, one of the powerful applications of the Latin

alphabet and its various derivatives lies in the ease and clarity of sorting.

26 According to the explanation from the website, the systems and hardwares imple-
mented based on the Hanzi Gene Theory were not designed only as Chinese input method
but to propose a global humanities system. A clear spell-out of the theory and its var-
ious implementations in greater detail is beyond the scope of this thesis. Readers who
are interested in the theoretical part are asked to refer to the website of Chu Bong-Foo
Laboratory, (unfortunately most of the content are written in Chinese); readers who are
interested in the implementation part, such as the claimed world’s most cost-effective
embeddable multilingual computing architecture, and detail about the first 32-bit Chinese
CPU, jointly developed with IBM by embedding the MCGE and Midori Linux into the
PowerPC microprocessor, please refer to http://www.culturecom.com.hk .
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Large amounts of alphabet-based information can be sorted, searched, and
classified at great speed. In contrast, Chinese employs no alphabet. On first
observation, one might surmise that a systematic sorting method would not
be feasible in the Chinese lexicographical praxis, due to the influence of the
“alphabetless”.

Indeed, the arrangement of characters in a Chinese dictionary®” and meth-
ods for looking up these characters are not so clear at a glance. Basically,

there are two indexing schemes designed to order characters in dictionary:

e via Transliteration Systems
If the pronunciation of a given character is known, one may use either
the romanization systems (transliteration systems using the Roman
alphabet like Hanytli Pinyin, or non-romanization one like Zhuyin Fdhao

(known as 17 ? r]t: or BPMF) to locate the character.?®

e via Radical Systems
If the pronunciation of a given character is unknown, another common
practice is to use the 214 KangXi Radicals to first locate the main
cluster of characters, and then count the strokes left over to obtain
its pronunciation and gloss. For instance, if one wants to look up 4=
(/xi/, “faith”), one character consists of the radical A(/rén/,“man”)
and seven additional strokes. First, one finds the radical of this charac-
ter (“man”) in the index page of the dictionary, and then skims through
one additional stroke, two additional strokes, etc., until one finds entries

for seven additional strokes.

2TThe differences between “character dictionary” and “dictionary” will be discussed in
Chapter 5.

28The Hanyii Pinyin system was developed by the People’s Republic of China in 1958
(Zhuyin Fihao was used before then), and is now the only transliteration system used in
mainland China. It uses 25 of the 26 English letters (except “v”) to represent the sounds
of Mandarin. In 1981, the International Standardization Organization (ISO) decided to
use Pinyin as the official system to transcribe Chinese proper names and relevant phrases.
And as for the BPMF system, whose graphs are derived directly from Chinese characters,

is now nonetheless the predominant system used padagogically in Taiwan.
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Figure 3.5: The 24 main Cang-Jie signs. The 4 rough categories here are
designed for the purpose of memorizing.

The first method presumes one is either familiar with the Roman alphabet
and the resulting transliteration, which is therefore easy only for European
learners. The non-romanization one like BPMF, takes a lot of time to learn,
both for European and Chinese learners. In addition, as stated, if one has
no idea about the pronunciation of the character, there is no way to find
them. Many modern dictionaries do not even have such information about
characters. The second method, which has been developed over a thousand
years, has disadvantages as well. For example, it is sometimes difficult to
determine the radical; the counting of strokes is occasionally a probelm, too.
For a native speaker it often takes 5-6 minutes to find out a particular entry.

This background brings up to Chu’s invention, the Cang-Jié system. In
this system, Chu proposed a set of 24 main condensed shapes of characters -
called Cang-Jié signs (Figure 3.5)- that can reproduce all the patterns form-
ing Chinese characters® which are condensed from the shapes of Chinese
characters.

With two additional exception keys, Cang-Jié signs correspond to 26 En-
glish alphabet keys. And with the rules that determine the selection of signs,
each character has its own Cang-Jie code and therefore characters can be

sorted and searched as well as words in alphabet-based languages. These

29Readers may imagine these signs as a sort of “Chinese alphabet”
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Cang-Jié signs constitute what are called “order genes” here.

Meaning Genes (for Character Semantic and Conceptual Representation
Problem)

Before we go to the detail, let us first probe into some relevant background.
Traditionally, among Chinese linguists, it has been asserted that (as it still
is in today’s mainstream) the overwhelming majority of characters that have
been created throughout history, are so-called Xing-Shéng Zi (“semantic-
phonetic characters”), where one element (also called a radical) in the char-
acter gives a clue of the meaning, and the other element (a phonetic deter-
minative) only provides information about the pronunciation corresponding
to the character. For example, # (/zhou/,“to help in charity”) is composed
of the radical & (meaning: “money”), and the phonetic determinative B (pro-
nounced as “/zhou/”).

Alternative views assert that the mainstream views are somehow mis-
guided by Xu Shen. They argue that the Chinese writing system is almost
totally ideographic in the sense that the vast majority of characters, except
for proper names and a few instances of onomatopoeia, can be interpreted
as Hui-Yi Zi (“compound ideograms”), where each element (be it a meaning
component or a sound component) in the characters contribute to the overall
meaning. If we probe into the relationship between various forms and their
derivations and combinations, we shall find even more regular and systematic
correlations in terms of meaning and form.

The latter view has been an undercurrent of the study of Hanziology, as
we have introduced previously in section 3.2.2; and contemporary echoes are
easily found.?® Though these two main views all copiously quote the classics,
no one seems to be able to give a systematic explanation that answers the
question with certainty: “Do Chinese characters really “encode” a sophisti-

cated system of meaning?” For such classical dispute, HG theory claims that

30See T.K.Ann (1982).
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such a question should not be treated as a problem of etymology-proper, but
as an interpretive problem. In the context of the information age, the possi-
bility of implementation and verification turns out to be a more convincing
way of thinking about this issue.

Among the “Hanzi Genes” proposed by HG theory, the “meaning genes”
are the most controvervial issues. He proposed that there are 512 such “mean-
ing genes”: 256 common sense genes + 256 concept genes, which could be
extracted and induced from Chinese characters. The concept genes will be
discussed in the next section. Here we will first introduce what he claims
as one of the unique features of Chinese characters, namely, the “common
sense classification structure” encoded in Chinese characters. We can retrace
the “common sense classification” of Chinese characters to their classical
division into head and body components (Chu 1998: D4:14)

According to Chu, most of the characters could be interpreted as Hui-Yi
Zi (“compound ideograms”) that can be decomposed into two parts, namely,
¥ (#%) (character head (CH); head component), and ¥ # (#%) (charac-
ter body (CB); body component). The CH part means the basic semantic
category, while the CB part points to a complementing meaning and to the
approximate sound of the character. There are 256 components in total (CH
+ CB), which are referred to as #3#%%&H (common sense genes).

The following table shows some examples of character heads and char-
acter bodies, together with their combinations. For example, the CH «&
(compressed as '|‘) can combine with different CB such as (# (half). & (I).5
(expel). A (close) ...) constituting characters such as 1 (feel ill).4 (compre-
hend). 18 (rest). (sad).... All these characters carry the CH «&, so they share
similar semantic categories which relate to human feelings or a mental state.
Examining CBs individually gives further information about the fine differ-
ences between them. We can also examine them starting from the CB. For
example, the CB & (expel) can combine with different CH like A (human). B

(sun).. (heart).&k (water). & (speech)...., and constituting characters with
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a core or derived meaning of the CB, such as 1§ (rushing).#% (heatstroke).

(rest). & (thirsty).s5 (call on) ... respectively.
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| A (human) H (sun) > (heart) K (water) E (speech) F (hand) A (mouth)

4 # . ¥ (not all right) % #

E & & (comprehend) . . g

T 1 . il

vEl . i . i A el :

B (expel) & (rushing) 18 (heatstroke) 1% (rest) % (thirsty) 3 (call on) % (hold high) 18

! i : . : . ] .

i (close) | f8 (unconventional) T (sad) # (tone) . T (chirping)
w® i & & Ei &

= : 16 : B

7% . s bie 5

x X . : # .

2 1 e #’ e

- & . = . . .

* Some examples of character heads (in the across row), character bodies (in the down column) and their affiliations. Note
that the dots mean such combinations do not exist in a modern Chinese dictionary, though they remain possible combinations.

In addition, due to space limitations, not all characters are glossed with English translations.



3.4.3 Hanzi, Concept and Conceptual Type Hierarchy

This subsection explores the Hanzi-driven Concept Genes and their relation-
ships proposed by HG theory. The meaning of words, the relationship of
words to concepts, and how concepts are structured in the mind have been
disputed since before Aristotle’s time. Different considerations have been dis-
cussed from logical, cognitive semantics and psychological point of view.3!

Relevant questions could be rephrased as follows:

e What are concepts?
e How can concepts be organized?
e How does Hanzi represent concept?

Hanzi and “Concept Genes”

The question “what exactly is a concept?” has bothered semanticists for
more than two generations. Roughly, concepts embody our knowledge of the
world, and we use them to make approximations and as a simplified method
of communicating with others. For HG theory, concepts are symbols that are
outlines of our understanding of the internal representation of an individual’s
complex experience. Due to the probabilities involving all of the possible
combinations of every individual, one individual’s personal experience cannot
be identical to that of any other individual.

Human experience is subjective and complicated, for the convenience of
communication, concepts are specially defined symbols and information is
utilized to represent the related approximations of our understanding. Since
concepts are mental information units, and we cannot look into our own or

others” minds, concepts are destined to be subject to speculation. But the

31For concept theories in general, the interested readers might consult Smith and Medin
(1981) and Murphy (2002).
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private nature of concepts does not prevent them from being the basis of
communication.

As an organization of neural networks, our brain remembers and processes
the signals that are transmitted from the sensory organs. “Remembering”
involves taking the phenomena that occurred in a dynamic state of time and
recording it separately into a multi-layered static structure. “Processing”
means restoring the recorded static structures to resemble the original dy-
namic phenomena, through the connections of the neural network within the
brain. During the thinking process, we utilize these representative symbols
to access the interface of our memory network. Once accessed, we expand
the factors of our comprehended experiences one after another.??

Looking into the recent development in cognitive science, HG theory’s
theoretical specification shares many hypotheses with the holistic approach
within cognitive linguistics. In contrast to the modular approach, this view
does not regard language as an autonomous cognitive faculty, but as an abil-
ity which can be explained by general cognitive principles (Langacker 1987;
Croft and Cruse 2004). Thus the basic properties of a language result from
general processes of conceptualization which relate to various areas of hu-
man experience. Under this assumption, linguistic knowledge - knowledge of
meaning and form - is basically a conceptual structure. Linguistic phenom-
ena, then, could be explained by general conceptual principles.

However, the central issue here concerns the relation between language
and cognition in general. For the relation between writing and cognition,
only rare literatures were appeared. In linking Chinese writing with cogni-

tion, Chu philosophized the relation as follows:

“[...] Throughout their cultural development, Chinese emphasized %
(“symbols”) and ignored # (“numbers”). A “symbol” is the micro-

structure of an idea and can also be called the “connecting point” of

32Chu, Discourse 4: Thinking Process.
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a network. Once the neural network of the brain and the conceptual
network combine, every “connecting point” serves as the core of a
“symbol”, allowing us to achieve complete understanding through the

”

expansion of this conceptual network. [...]
This sets the scene for the representation of Concept Genes via Hanzi.

Hanzi and Concept Class Hierarchy

According to the HG theory, concepts should be ordered according to some
conceptual classification scheme and presented in a systematic structure. But
how does one elicit, organize and explore hierarchical relations of concepts?
There have been many answers to this question proposed in philosophy, ar-
tificial intelligence and database design. In the following, as a background
knowledge, we will at first clarify the difference between the considerations,

then discuss the proposal of HG theory.
e Kinds of Concept Organisations

In the study of concept organization, we can find many ways in which an
object can be categorized. In general, the basic building blocks of concept
organization are concepts and relations. Concepts can represent either types
or roles. The basic difference between these two is that types are said to
be semantically rigid, i.e. their instances are such that they always belong
to the type, while an instance’s roles may change. For example, a person’s
gender is a type because it cannot change during the lifetime of an individual.
On the other hand, a student is an individual’s role as she/he ceases to be a
student when she/he graduates (Guarino 1998). Generally, the notion “type”
is central to concept organization.

Types can be organized into different kinds of concept type hierarchies.

The most common concept type structures used in computational linguistics
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are tree, and various lattices and semi-lattices,® if the types are ordered by a
partial order (also called the subtype relation).3

Lattice structure is a kind of closed hierarchy structure, which has exactly
one top-concept and one bottom-concept. In contrast, both a tree and a semi-
lattice structure are kinds of semi-closed hierarchies, which can be top-closed
or bottom-closed. That is, in a lattice-structure concept type hierarchy, any
two concepts (types) can have common subtypes (so-called the greatest lower
bound) and common supertypes (the least upper bound), while in a tree-
structure concept type hierarchy, the structure is restricted so that any two
concepts necessarily have a common supertype, but they have no common
subtype.

In a lattice-structure concept type hierarchy, there are two types that
always exist. The Entity (or “the universal type”), and the Absurdity (or
“the absurd type”). The Entity type is the type that is a supertype of every
other type in the type hierarchy, while the Absurdity type, being the lowest
element, is a subtype of every other type in the type hierarchy, and nothing
exists which is an instance of Absurdity.3?

In a tree and semi-lattice-structure concept type hierarchy, take the top-
closed hierarchy for example, which is a concept hierarchy where there is one
top-concept and several bottom-concepts. In this kind of structure, any two
concepts are top-connected. There can be some bottom-connected concepts

with each other. In this case, the structure is a semi-lattice. If any two

33 Their formal descriptions will be given in the next chapter, and some core ideas in the
realm of ontology construction in the current NLP systems will be discussed in chapter 5.

34Generally, we might say that a set of concepts and their binary relations form a
special kind of network called hierarchical structure, in which nodes (concepts) connected
by the hyponym-hypernym relation ( commonly called the IS-A relation). Although the
hierarchical structure appears to be a universal property of all cultures’ categories of the
natural world, how exactly it is mentally represented is still not clear (Murphy 2002).
However, the controversial psychological status of the hierarchical structure is not the
main concern here.

35The reason why we need an Absurdity is that it makes for certain theoretical conve-
niences, which are deeply rooted in lattice theory.
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Table 3.2: Chu’s tree-structured conceptual hierarchy (truncated for brevity)

concepts are not bottom-connected, then the concept structure is a tree.3¢

Another building block of concept organisation is the set of relations,
which are used to connect one or more concepts types to each other. In
principle, there are no restrictions concerning the arity of these relations,
but in general, uniary and binary relations are adequate enough to build
ontology. If desirable, relations of greater arity can be expressed simply by
means of an additional concept representing the relation itself. An important
idea related to the lattice-structure type hierarchy is the multiple inheritance.
That is, a type may be inherited from more than one type.

In the following, we will introduce the tree-structured concept hierarchy
proposed by HG theory, as well as the underpinned philosophical considera-
tion.

Chu’s proposal for the concept type hierarchy is based on both binary
and quaternary classification methods (Table 3.2). The binary classifica-
tion method, he claims, is the simplest and most effective tool for conceptual
data analysis. Its earliest recorded use was in an ancient work of Chinese

philosophy, The Book of Changes, which was the origin of binary numerals.

36Sowa’s type hierarchy (Sowa 1984:80) is an example of a lattice. An example of a
semi-lattice-structure concept hierarchy can be found in one axiomatization of Kauppi’s
(1967) concept theory.
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Figure 3.6: First period- doubling bifurcation and third
doubling bifurcation bifuration

To observe any phenomenon, the sensory organs must perceive stimulae and
compare the first stimulus they receive with the subsequent one; the observer
will derive an idea of the opposites forming this phenomena.?”. This is the
principle of the binary method: A classification based on opposite phenom-
ena. All of the ideas of one category of phenomena can be used to obtain
phenomena of an opposite nature.

Chu presented a system of concept classification that illustrates an appli-
cation of the binary method. Used to systematically classify Chinese charac-
ter concepts, the binary method can produce a “conceptual network”. How-
ever, Chu argues, the binary classification method has its limits. When
concepts are classified at the third level, they lose their opposing nature.
He illustrates such thinking by resorting to the findings of modern Chaos
Theory, which posits that after third period doubling bifurcation, everything
becomes a random value. In Figures 3.6 and 3.7, we can see that the second
bifurcation converts a period-2 attractor into a period-4 attractor (hence, two
curves split apart to give four curves). Likewise, the third bifurcation con-
verts a period-4 attractor into a period-8 attractor (hence, four curves split

into eight curves). Shortly after the third bifurcation, the various curves in

37For detailed discussion please refer to “Discourse 6 — Cognition”
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the figure seem to expand explosively and merge together to produce an area
of almost solid black. This behaviour is indicative of the onset of chaos.

Based on this classification scheme, Chu proposes his conceptual hierarchy
as follows:

The first criteria in classifying concepts relates to the standpoint of the
observer, which corresponds to the first dimension, and in this case involves
the basic distinction between the objective world and the subjective one.
The term objective corresponds to the “entities” of the static state, and the
term subjective correspond to the “applications” of the dynamic state. The
second dimension refers to “subjects observed”; the third dimension relates
to “understanding”. These can each be divided into two categories.

The objective domain includes the abstract sub-domain of ideas and
the concrete sub-domain of material things. The abstract domain gener-
ates two categories of ideas: the first category is definitions derived from
the understanding process; the second category is applications originat-
ing from human needs. In the second sub-domain called concrete, things
can be classified either as material and existing in the natural world or as
artificial (in the sense of man-made). The subjective exists in the minds
of humans; it starts from the outside and moves inside; it belongs to the do-
main of perception; another example of the subjective, but which starts
from the inside and moves towards the exterior, is behavior. Perception
is divided into two categories: sensory, which includes the various stages of
the perception process; and states, which includes the circumstances that
exist after events occur. Behavior can be divided into the inherent basic
instinct and social behavior acquired during life.

If we continue to the classify at deeper levels, we have gone beyond three
levels, and should not feel constrained to persist using the binary classifica-
tion method. A system based on four categories is now ideal, and these four
can be divided into eight categories. The Book of Changes also follows this

structure.
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It is noted here that, like the taxonomic thesaurus, the only binary rela-

tions between the nodes are specified by two arcs, namely, the IS-A relation.
e Conceptual Encoding of Chinese Characters

Now, the last question to be answered is: How do Hanzi represent concepts?

HG theory proposes that in such a tree-like structure, all characters are
positioned at the leaf level. Characters found in the same node are assumed
to carry similar conceptual information, and a systematic approach to repre-
sent conceptual information is by selecting characters in the binary alphabet
{0,1}.

In code theory, it is convenient to use words of the same length in the
message transmission. If there are 2" binary words of length n, then the

complete set of them is usually denoted by V" ; for example,
V3 = {000, 100,010,001, 110,101,011, 111}

As known, each symbol in such a word is called a bit (an abbreviation for
binary digit). A binary code of length n is simply a subset C' of V". In
the case of Hanzi encoding, we have 2% binary characters (concept types) of
length 8, that is,

256
V® = 100000000, 00000001, 00000010, 00000011, ............. L 11111111}

Table 3.3 shows some examples of these characters.

Take #& (/gao/, “high”) for ex-
ample, in this box, we can interpret
the characters as follows: Its concept
belongs to the subjective domain (1),
is the effect or product of perceiv-

ing (10); Of or relating to the senses

or sensation (100), and transmitting
impulses from sense organs to nerve
centers. It is something which can be
seen (10000), and distinguished from
its surroundings by its definite, dis-

tinctive form (10000101).

74



Table 3.3: A self-synchronizing code of Chinese characters

characters codeword
K (fire) 00000000
K (grain) 00001000
H (bone) 00010001
K (clothes) 00100110
¥ (town) 00101000
%= (desk) 00110110
¥ (genus) 01000000
E (stable) 01001000
¥ (infinite time) 01010000

characters codeword
X (sky) 01011000
#& (language) 01100000
# (law) 01110000
# (man) 01111100
R (folk) 01111110
& (worry) 10010110
% (ancient) 10101000
f% (can bear) 10111110

7 (go) 11001000

0000101
Subjective domain
Perception
Sensory
Vision

=
1
1
1
1
1

Take as another example, 3% stance of a communication (01100);

(/yu/, “language”). It is arranged in and a collection of knowledge about a

such a position that we can interpret specific event or situation (01100000).

it as follows: It is classified as belong-

ing to the objective domain (0); con-
sidered apart from concrete existence
(01); it is something applied to a spe-

cial use or purpose (011); the sub-

To make it useful for real-world appl

#F01100000

0 : Objective domain
01 : Abstract domain
011 : Applications
01100 : Message
01100000 : Information

ications, Chu goes further in propos-

ing that a character - as an analogy for a chromosome - can be encoded

with a 32-bit long binary string of DNA

sequences representing four different

genes, including information about a concept, common sense, symbolic and

properties, respectively. A sequence of

the character chromosome layout is

shown in Figure 3.8. The position of genes with their associated codings are
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Figure 3.8: A complete code definition of a character

listed below:

- bits 1 - 8 (CONCEPT DNA): The first eight bits in the character
chromosome are used to represent conceptual information. A total of 256

different concept types can be selected.

- bits 9 - 16 (COMMON SENSE DNA): These eight bits are assigned
to the representation of common sense knowledge. A total of 256 different

component types (CH 4+ CB) are available.

- bits 17 - 24 (SYMBOLIC DNA): In order to provide a wide range of
applications, there are 256 types of symbolic DNA concerning mainly the
proper names are designed. However, this information has not been made

public.

- bits 25 -32 (PROPERTY DNA): These are the descriptions of the fea-
tures of the character in question, at the moment, this information is not

accessible to the public either.
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Take the character # (/xiao/, “China flute”) for example. Its concept
code is 00111010. By searching the concept hierarchy, from the first bit 0,
we know that it is static, and belongs to the objective external which can be
used by humans. The second bit 0 depicts that it is a concrete thing with a
body, form, color, quality and quantity which can be recognized by humans.
The third bit 1 means that it is an artifact, having a function and a geometric
form. It is something that people can know. The fourth and fifth bits mean
that it relates to human work. We know that, from the last three bits, it is
an instrument.

The common sense gene of this character®® is represented by CH (4#r) and
CB (#), which depict the common sense knowledge concerning with this
character: it is solid, straight, and tube-like, and so on.

By encoding information in this way, according to HG theory, the com-
plete definition of conceptual and semantic information of each character

could be obtained.

3.4.4 Critical Remarks

In sum, this section has sketched some of the fundamental issues of Chinese
characters under dispute in the context of contemporary Hanzi studies, in
particular, in regard to the HG theory. As a theory proposed and expounded
by a non-linguist, HG theory does not proclaim it adhering to any current
linguistic theories. As the founder claims, in fact, this theory could be seen as
continuing the traditional lore of Chinese scriptology with some “technical”
terms.

For a scientific theory, it would be premature to impose the requirement
of understanding solely based on specific tradition. In this final subsection, I
would like to make some remarks from a linguistic viewpoint. In the process

I hope to clarify to some extent how HG theory’s position relates to other

38Unfortunately, instead of a code, only a description is given.
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approaches to semantic and conceptual studies, and particularly, how it bears
on certain issues such as conceptual primitives, the relation between (word)
meaning and concept, and the conceptual hierarchy in the context of modern

Mandarin Chinese.

Conceptual Primitives

At first sight, HG theory could be located in the approach of Primitive De-
composition. In particular, it resembles the semantic primitives approach
by Wierzbicka (1996), which in recent times has come to be known as the
“Natural Semantic Metalanguage” (NSM) approach to semantic analysis.

NSM theory starts with some assumptions that language must have an
irreducible semantic primitives, and the semantic analysis must be conducted
in natural language, rather than in terms of technical formalisms (abstract
features, logical symbols, etc.); 3 And according to Goddard and Wierzbicka
(2002), a good exponent of a primitive meaning may be a word, phraseme, a
bound morpheme, or other linguistic expressions, just so long as it expresses
the requisite meaning.

In some respects NSM approach are compatible with HG theory. For ex-
ample, about 60 firm candidates for semantic primitives have been proposed
so far (Wierzbicka 1996), and interestingly, all of the classes (such as Sub-

stances, Determiners, Mental predicates, Existence, etc) that these semantic

39From a broad perspective of theorectical development, the search for “concep-
tual/semantic primitives” might be traced back to Roger Schank’s landmark work in the
early 1970s. Schank tried to find the primitive symbols that one might use to represent
the meaning of what we perceive (that is, Conceptual Dependency), and tried to define
the processes that could interpret our understanding of sentences (Conceptual Analysis).
A parser under this scheme means something that associate a linguistic input with what
Schank called a conceptual structure. During the ensuing years, several theories for repre-
senting conceptual structures have been developed. For example, the Lexical Conceptual
Structure (LCS) theory proposed by Jackendoff, also claims that there is a single set of uni-
versal conceptual primitives which might manifest itself in both lexical and grammatical
domain. But in Jackendoff’s view, the “primitives” are ‘abstract’ and not to be identified
with ordinary word-meanings, and he believes that these “primitives” are non-exhaustive,
which are different from NSM and HG theory discussed here. See Goddard (1998).
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primitives belong, can be found in conceptual hierarchy of HG theory.

There are also differences. For HG theory, it would be reasonable to
identify Chinese characters as the proper exponents of conceptual primitives.
This idea has not been realized in the NSM research, even in the search
of conceptual primitives in Chinese language. Another crucial difference
between HG theory and NSM theory lies in that the conceptual primitives in
HG theory constitute a hierarchical system, where every conceptual primitive
is systematically organized.

Though widely well known and with abundant literatures in linguis-
tics, Primitives Decompositional approach has suffered from many criticisms.
Anti-primitives auguments are drawn from a broad range of sources. How-
ever, as Goddard (1998) comments, it is more difficult to characterize what
would count as a good argument against the entire concept of Primitives De-
compositional approach, but when we settle down to a detailed discussion,
a good argument against the status of any particular element as a semantic
primitive is, an argument that the element in question is either definable (not
the basic), or language-specific, or both. Since HG theory does not claim to
be able to apply to other languages, a cross-linguistic validation would not
be necessary here. But like NSM theory, HG theory has worked with a spe-
cific set of semantic primitives (concept genes and meaning genes), which are
vulnerable by empirical disconfirmation. To make this point more concrete,
in the following, some examples will be adduced.

For the part of concept genes, HG theory made two presumptions: (1),
there are a limited number of basic concept types (called “concept genes”),
and (2) Hanzi could be regarded as the instances of these concept types.
These might need more empirical surveys to testify. But how this theorecti-
cal setting can be in harmony with the problem of “meaning variants” such
as homonomy, polysemy and metaphor, which might be one of the most
intractable issues in primitives decompsition approach, explanations are un-

fortunately not given in public.
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In addition, the relation of character and meaning is not always inher-
ent. Considering the onomatopoeia example, whic is to be understood here
as linguistic sounds being used to copy sounds in nature or in the human
world. In the English lexicon, we have onomatopoeia like “drip and drop” or
“splash and splotch”. In Chinese, #2-°& (jiligulu, “talking indistinctly”),
#%r2isds (jiliguala, “talking loudly”) are good examples. In some casese, ono-
matopoeia is not only employed for the imitation of natural sounds, e.g. 2
%% (/wowowo/, “cock-a-doodle-doo”), but also for the coinage of names for
sound-related entities: e.g. ##%& (/buguniau/, “cuckoo”) is supposed to be
a sound representation of that bird.*® For the characters in these examples of
onomatopoeia, it would be improper to assert that they denote to concepts.

For the meaning genes, HG theory asserts that there are only a lim-
ited number of basic character components, which constitute a set of basic
meaning units; and every character can be decomposed into two components
(namely, two meaning genes): Character Head and Character Body. But in
some cases, the criteria of decomposition is not clear at al. E.g., why the
character #\ is decomposed to =R and X, instead of & and =X.

Another criticism might go to the the general advocacy that “self-completeness”
of meaning composition via CH and CB within a character. When we say
that a conceptual system has primitives, we usually implies the principle of
semantic composition to a certain extent, which build up more complex con-
cepts from less complex ones (Lakoff 1987:279). Similar to the principle of se-
mantic composition, HG theoy presumes the €#&:* (the picto-synthetic prin-
ciple)*! as the main semantic composition among meaning genes. Though by
resorting to the classical argumentation of traditional scriptology concerning
the correlation between meaning composition within a character, it would

be relatively speculative to conclude that all characters in modern use are

bound to the principle alone. In HG dictionary, examples are not difficult to

40These examples are taken from Yip (2000).
41Please refer to the explanation in section 3.2.1
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enumerate. E.g., why the meaning of 4% (lift) can be induced from the mean-
ings of its two components ¥ (hand) and # (glad); why the meaning of #F
(ridicule) can be induced from the meanings of its two components ¥ (hand)
and & (question particle), .. and so on. For such examples, notwithstanding
a far-fetched explanation offered by HG theory, it would be hard to assert

any inherent semantic composition principle within character components.

Conceptual or Semantic?

As a proposed general theory of concept, one crucial deficiency of the HG
theory might lie in that, the relation between (word) meanings and concepts,
especially in the context of Chinese writing, is shunted aside. The term
“semantic” and “conceptual” are used interchangeable throughout the HG
works.

Indeed, drawing clear-out distinctions between meanings, concepts and
their linguistic expressions (be they words or characters) is not an easy task
because they are so intimately interwoven. This is also an enormous topic
that has been attracting researchers for a long time. Philosophers, psychol-
ogists and linguists have argued as to whether there is an abstract layer of
concepts which is separate from word meaning or whether the word meanings
and the concepts are identical (Aitchison 2003).

In my opinion, HG theory seems to resemble the view that semantic
primes can be thought of as linguistically embodied conceptual primes (Wierzbicka
1996; Goddard 1998), and thus semantic analysis is by its nature a concep-
tual inquiry. Throughout the current available version of HG theory, it does
not provide discussions about linguistic meanings from (referential) seman-
tics, which argues that words get their meanings by referring to real objects
and events, but rather places great weight on a conceptual view of meaning
from the cognitive perspective.

For instance, the cognitive psychological approach assumes that we have

some sort of mental description that allows us to pick out examples of the
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word and to understand it when we heard it. Murphy (2002) claims that word
meanings are psychologically represented by mapping words onto conceptual
structures. Namely, a word gets its significance by being connected to a
concept or a coherent structure in our conceptual representation of the world.
This resembles Langacker’s model which regards the meaning of a word as
an access node into the knowledge network (Langacker 1987:163).

Murphy (2002:391) suggests three principles for this conceptual view of
word meaning, which might be in accord with the position of HG theory.

The three principles are quoted as follows:

1. Word meanings are made up of pieces of conceptual structure,

2. An unambiguous word must pick out a coherent substructure within
conceptual knowledge (while ambiguous words choose n coherent struc-

tures, one for each of their n meanings).

3. When an unambiguous word has multiple related senses, which is called
polysemy in lexical semantics, the meanings are overlapping or related
conceptual structures. For instance, the two senses of foot in the sen-
tence “We are standing at the foot of the mountains”, and in “One
of her shoes felt too tight for her foot” are related by both containing

conceptual information about “at the bottom part”.

He argues further that important parts of the psychology of word meaning
can be easily explained by referring to the psychology of concepts following
from these principles. That is, principles of concept use carry over to become
principles of word meaning. In addition to this, there are two corollaries that

follow from these principles that are important as well.

e First, semantic content entails conceptual content.
Namely, if a word we know means something, that something must be

part of our conceptual structure.
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e Second, no semantic distinctions can be made that are not distinguished
in conceptual structure.
For example, we couldn’t distinguish the words chair and stool if we
didn’t perceive the difference between these kinds of things and have

that difference represented in our concepts of furniture.

This been said, linguistic complexities are more elaborate and rich in de-
tail. Aside from the polysemy and ambiguity phenomena, it has always been
a difficult problem for linguistic theory as well as lexicographic practice, as to
what criteria we should set in defining homonymy (or homographs). Surely,
such linguistic complexity leads to more specific psycholinguistic discussions
and models, which aim to bridge the gap between the static representation
of words in the head and the dynamic process of comprehension.*?

In dealing with problem of ambiguity, HG theory does not oversimplify
matters by assuming that characters are associated with only single concept
type. In its design, a character can be assign to more than one (the maximal
number is four) concept type. Nevertheless, HG theory does not provide a
convincing criteria or linguistic consideration in the assignment of concept
type, when characters (i.e., exponents of “concept genes”) have secondary,

or polysemic conceptual meanings?

Conceptual Hierarchy vs. Ontology

Now we draw to the last point. On the whole, we would agree that, giving
a set of concepts and a set of relations, associating them with each other
remains a subjective process. The quality and quantity of hierarchically or-
ganized ontologies rather depends on the author’s hand-crafted guidelines,
and on her/his interpretation of these guidelines. In the Hanzi-driven con-
ceptual hierarchy, HG theory relies mostly on Chu’s personal philosophical

introspection in presupposing a realm of concept types as abstract entities.

42The interested reader is referred to Murphy (2002).
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The psychological reality of these concept types needs experimental proof.
Many characters do not fit neatly into an ontological hierarchy at all, while
others fit rather well (or badly) at many places.

In fact, this involves the long-standing problem of the relativity and sub-
jectivity of conceptual classification. As we know, concepts are inventions of
the human mind used to construct models of the world. Wong (2004) points
out some examples of arbitrariness in conceptual classification observed in
several existing lexical databases like WordNet 1.5 and EuroWordNet 2. How-
ever, as Sowa (1984:339) claimed, the world is a continuum and concepts are
discrete, therefore a network of concepts can never be a perfect model of the
world. At best, a kind of workable approximation is desired. As far as Chi-
nese characters are concerned, Wong (2004) argues, the semantic relatedness
displayed by Chinese characters provides a means to concept classification
which might be more objective, more explicit and, hence, easier to capture.

In addition, in many aspects, conceptual hierarchy of HG theory paral-
lels the ontology in the recent development of NLP and knowledge informa-
tion processing. But, the reason why only the INSTANCE-OF (i.e., certain
characters are instances of certain concept types) and IS-A relations (i.e.,
certain concept type is a kind of certain concept type) are permitted in the
conceptual hierarchy is not clearly exposited either, as other kinds of links
could specify properties known about each concept, and still other connec-
tions might be made between related concepts or properties. It would be
more convincing and interesting to compare how the conceptual hierarchy of
HG theory fit with other proposed ontologies using the existing tools and al-
gorithms concerning with ontology mapping, ontology alignment, consistency
checking, .. etc, which have been proposed.

To conclude this brief remark, a number of points about the theorectical
conception of HG theory deserve to be reiterated.

In many cases, the interpretation of some of the data presented in the

Hanzi Gene Dictionary and the application of the principles governing charac-
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ter formation to the analysis of specific characters turn out to be less than
clear-out. In addition, in many places, there are only “blueprint” available,*3
and the lack of enough empirical data also results in misinterpretations of
this theory.

To be fair to HG theory, regardless of the problems discussed above, and
though within the framework of HG theory, many ideas are originatedlly
drawn from a broad range of sources, treating Chinese characters as concep-
tual primitives, and presuming a tree-like hierarchy for the representation of
these conceptual primitives are new tries in the field of Chinese NLP as well
as Hanziology. In my opinion, with more theorectical refinements discussed
above, introducing ontology as a locus for establishing a rich set of concep-
tual primitives could be a work serving as a testbed to get a better grip on
Chinese language processing in general, and on the other side, as a remedy
to the arbitrariness in the design of knowledge representation. In addition, it
would also be interesting to see how different lexical knowledge sources come
together to signify the value of Hanzi in use.

Having outlined the discussion of Hanzi studies in this chapter, we can
now cover some insights into a working model of natural language processing
resources which will serve as a basis for our discussion henceforth. In the

next chapter some formal models will be discussed.

43For example, only the 256 concept genes are available, other kinds of “genes” (common
sense, symbolic and properties) have not been published due to the commercial reasons.
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Chapter 4

Mathematical Description

In the previous chapter, we reviewed some of the fundamental issues in the
study of Hanzi both from the linguistic and hanziological viewpoints, espe-
cially with regard to the conceptual/semantic information of Chinese char-
acters. In this chapter, I would like to review some formal descriptions of
them. There are a number of different formal ways to characterize Hanzi,
and different characterizations have led to different models. Our main fo-
cus is on choosing the appropriate model to represent the conceptual and
common sense knowledge “wired” in Hanzi. A comprehensive survey of the
mathematical theory of Hanzi is therefore beyond the scope of this chapter.
Some models having a bearing on the notions discussed in previous chapters
will be chosen, and mathematical preliminaries will be provided as needed, in
order to facilitate understanding the models we will discuss. The final section
lists and expounds on possible answers to the major questions, with a pro-
posed tentative model which aims at describing the semantic and conceptual

structure of Hanzi.
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4.1 Introduction

The first to be cited is that of the generative-grammar-based model (Wang
1983). One of Wang’s goals was to construct a grammar of the structure and
writing order of Chinese characters. Only within the generative grammar
framework, he claimed, can we give an descriptively adequate account of
the native Chinese’s writer’s intuitive knowledge of her/his writing system.
He developed a procedure for predicting the stroke order, namely, the rela-
tive placement of semantic “classifiers” and phonetic “specifiers” of Chinese
charcters within the framework of generative grammar. However, what he
called by intuitive knowledge was mainly concerns with shape structure, and
due to the lack of systematic explanations for the conceptual and semantic
information carried by Hanzi, this model can be only applied to the task of
character recognition.

In the following, some basic terms are defined, which are necessary to

understand the proposed formal language models of Chinese characters.

Definition 4.1.1. (Symbol, Alphabet, Strings, Formal Grammars and
Languages)

A string is a finite sequence of elements. The elements are typically called
symbols, and the set of all symbols under consideration, including the empty
string A, is denoted Y. The set of symbols may also be called an alphabet
especially when each symbol is a single letter, even in the case of Chinese
characters. And the term formal language is simply defined as a set of strings.
The formal rules which are needed to specify a language, i.e., to produce legal

strings of a language are called the (formal) grammar of that language.

For example, if the alphabet is ¥ = { &, #&, % }, then the instances of
“strings over the alphabet ¥ ” can be: A(the empty string), %%, g, P
TH# and so on.! And £ = { B, 1% HREETHE } is a language of three

'The principal operation on strings is called concatenation. The concatenation of
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strings, that is, |[£| = 3. With these basic notions, we can then propose a

4-tuple Grammar to define the formal language of Chinese characters.

Definition 4.1.2. (Formal Grammar of Chinese characters)

A formal grammar of Chinese characters is defined as G = (V,7,S,P),
where V and T are finite sets with V(7T # ¢: V is the set of nonterminal
symbols, and 7T is the set of terminal symbols; S € V is the start symbols;

and P is a finite set of productions, or grammar rules. They are expressed

in BNF as follows:

T= = _)|,‘|\|§|\|...}

V = {<Character>| < Component > | < Stroke >}
S = {<Character>}
P = {P\|P,| Py}

P, : <Character> := <Stroke>|<Component>

Py : <Component> := <Stroke>|<Component>

Ps . <Stroke>: ™ )|,A|\|L| .

In a similar manner, Feng (1994) also proposed 15 tree-style construction

types for the analysis of Hanzi.

4.2 The Finite-State Automata and Transducer Model

In moving to the more general level of the language model, discussions in
this section are directed not only toward the modelling language, but also

toward two abstract machines called automata and transducers.

strings x and y, usually denoted xy, is a string consisting of the characters of x followed
by the character of y.
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The formal properties of the mapping between linguistic information and
orthography have been rarely explored. Until recently, Sproat’s pioneering
work (Sproat 2000) in this field of computational theory of writing system
is a breakthrough. In his book, Sproat asserts that there must be some
reasonable relation between the writing itself and the linguistic information
it encodes.

One of the central claims in his formal theory of writing concerns the
regularity: Morr—.r is a regular relation.? Informally, it states that the
mapping relation between linguistic and orthographic elements is regular. In
the technical sense, Mpr;_.r can be implemented as the finite-state trans-

ducer.

4.2.1 Finite-State Techniques: An Overview

Finite-state methods have been used extensively in language research. For
the sake of simplicity, the following gives some basic notions mostly modeled
on those of Sproat (Sproat 1992;2000), including a brief description of regu-
lar languages and relations, and their associated abstract machines, namely,

finite-state automata (FSAs), and finite-state transducers (FSTs).?

Definition 4.2.1. (Regular Grammars)
A regular language is one in which every production rule conforms to one of

the following patterns:

X —2Y X =y

2Sproat (2000:14) introduced the notion of the Orthographically Relevant Level (ORL) as
being the level of linguistic representation encoded orthographically by a particular writing
system. In addition, he denotes the output of the mapping from the ORL to spelling itself
as I'. Note that the notion of the Orthographically Relevant Level proposed here is not
the same as the notion of the orthographic depth hypothesis discussed earlier, since the
former relates to how abstract the encoded phonological information is, not the regularity
of the encoding.

3For general introduction to the theory of automata, please see Hopcroft and Ullman
(2000), Introduction to Automata Theory, Languages, and Computation; further discus-
sion in detail about finite-state transducer please consult Mohri (1997, 2000) and so on.
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where X and Y are each single non-terminals, x is a terminal, and y is either

the empty string (), or a single terminal.

It is common to define a regular language using a recursive definition such

as the following:

Definition 4.2.2. (Regular Languages and their Closure Properties)

1. 0 is a regular language.
2. For all symbols a € X U A, {a} is a regular language.
3. If Ly, Lo, and L are regular languages, then so are
(a) L1, Lo, the concatenation of L; and Ly: for every wy € L; and
Wy € Lo, wiwe € L1+ Lo;
(b) L1 U Ly, the union of Ly and Ly;
(c) L*, the Kleen closure of L. Using L' to denote L concatenated

with itself i times, £L* = J;o, L.

As seen, regular languages can be constructed from an alphabet of symbols
using only the operations of concetenation (-), (U) and (x). While the above
definition is complete, regular languages observe additional closure proper-

ties:
e Intersection: If £; and £, are regular languages, then so is £ () La.

e Difference: If £, and L, are regular languages, then so is £1 — Lo, the

set of strings in £, that are not in L.

e Complementation: If £ is a regular language, then so is ¥X* — L, the set
of all strings over ¥ that are not in £.(Of course, complementation is

merely a special case of difference).
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e Reversal: If £ is a regular language, then so is Rev(L), the set of rever-

sals of all strings in L.

RE are set of strings, and they are usually notated using regular expressions.
A fundamental result of automata theory are the so-called Kleene’s theorems,
which states that regular expressions are equivalent to FSA. This can be

defined as follows:

Definition 4.2.3. (Finite-state automata (FSAs))
A FSA, M, is a quintuple, (Q, ¥, qo,6,.A), where

e O is a finite set of states,

Y. is a finite set of symboals,

qo € Q, where qq is the start state,

A C 9, where A is the set of accepting states, and

6: 9 x¥— Q.

A FSA has a finite numbers of states and has no other form of memory;
this is why it is called “finite”. Alternatively, we can also define regular

languages in terms of FSAs: A language L is a regular language iff there

exists an FA M such that £ = L(M).

Definition 4.2.4. (Regular relations)
Regular n-relations can be defined in a way entirely parallel to regular lan-

guages.
1. 0 is a regular n-relation.
2. For all symbolsa € [(X{JA) x...x(XUA)], {a} is a regular n-relation.

3. If Ry, R,, and R are regular n-relations, then so are
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(a) R1-Ra, the (n-way) concatenation of Ry and Ry: for everyr, € Ry
and ro € Ro, 7179 € Ri - Ro;

(b) Rl U RQ,
(c) R*, the n-way Kleene closure of R.
As seen, regular relations can be constructed from an alphabet pair of

symbols using only the operations of concatenation(-), (U) and (). These are

implemented with finite-state transducers. We define them thus as follows:

Definition 4.2.5. (Finite-State Transducer)
A FST is a 6-tuple (3,,> ,, Q,%,F,E) where:

e ) is a finite alphabet, called the input alphabet.

>, is a finite alphabet, called the output alphabet.

Q is a finite set of states.

1 € Q is the initial state.

F C Q is the set of final state.

EC Qx Y1 x>,xQ is the set of edges.*.

A finite-state transducer (FST hereafter) can be seen as a FSA with
symbol pairs as labels for each arc. However, with success in application
to the word segmentation (Sproat and Shih 2001), such grammar formalisms
neglect the problem of the topological structure of Chinese characters, that

is, the ways in which graphemes concatenate.

4Note that FSTs may be weighted: They are then referred to as weighted finite state
tranducers (WFST's).
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4.2.2 Topological Analysis via Planar Finite-State Machines

As previously mentioned, unlike most alphabetic writings such as English,
which is predominantly linear, Chinese writing is two-dimensional, both up
and down and left to right. In considering this problem, it becomes obvious
that the usual notion of a regular language, where the catenation operator
‘. denotes simple left-to-right concatenation, will not suffice here. Sproat
thus proposes a more powerful notion: planar grammars.® To put it simply,
planar (or “two-dimensional”) languages and relations differ from string-
based regular languages and relations only in the definition of a richer set of
concatenation operations.

Let’s take an example to illustrate this. Suppose that Chinese characters
are a set of two-dimensional figures that can be arranged in a predetermined
layout, such as the four rectangles labeled v(«),v(/3),v(¢) and ~(d) shown
in Figure 4.1. By assuming the “stroke ordering principle” taught in the
elementary school, we start with the rectangle on the left-hand side, then
we say y(a) left catenates with ~(/3); then this pair downwards catenates
with the pair v({)y(d); and v(¢) Ieft catenates with (). An example of a
character that fits this pattern is 3 (/beng/,“leap”), which consists of the
components, &, i, A, f, arranged as : & — [l | [A — Al

One point which must be noted is that, as Sproat points out, planar
catenation operators, unlike those in string-based concatenation, are not in
general associative. The use of brackets in Figure 4.1 is one of the possible
solutions to this problem.

Now the formal definition of planar regular language can be given based
on Definition 5.2.2; with only one modification: splitting the concatenation

W

operations into five operations. Namely, Left —, Right <, Downwards |,

Upwards 1 and Surrounding (-) Catenations. The relevant closure property

5The definitions and descriptions given here are mostly modeled on those of Sproat
(2000), for more in-depth formal treatments on two-dimensional languages please refer to
Giammarresi and Restivo (1997).
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Y(B)

v(o)
Y© | | v(3)

Figure 4.1: One of the topological structures of Chinese characters described

by y(a) — [y(8) 1 [7(¢) — ()] .

in the Definition 5.2.2 of regular language now only needs to be somewhat
modified:

Definition 4.2.6. (Planar Regular Languages)

3. If Ly, Ly are planar regular languages, then so are

(a) Ly — 52; Ly — Ez; Ly } 52; Ly T Ez; Ly @Ez-

The abstract machines to planar regular languages and relations are pla-
nar finite-state automata and transducers (2FSA and 2FST), respectively.
The 2FSA can be defined along with Definition 5.2.3, by simply adding to
the definition a starting position in the planar figure p, a set of directions d,

and a set of grouping brackets B.

Definition 4.2.7. (Planar finite-state automata)

A planar finite-state automata is an octuple M = (Q, qo, p, d, B, A, ¥, §) where:

e O is a finite set of states,

qo € Q, where qq is the start state,

p is the starting position for gy, chosen from the set {left,top,right,bottom},

e d is the set of directions {R(ight), L(eft), D(own), U(p), I(nwards) } ,

B is the set of grouping brackets { [, | },

A C 9, where A is the set of accepting states,
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v(B)

Figure 4.2: A planar FSA that maps the expression v(a) — [v(8) | [v({) —
v(8)]] (the planar figure of “#”) given in figure 4.1. The labels “R” and “D”
on the arcs indicate the recognizing direction (Right and Down); the label
“left” on the starting state 0 indicates the position where scanning starts.

e Y is a finite set of symbols, and

e § is a transition relation between Q x (X Ue€) x (XUeUB)x d and Q.

For instance, to recognize the character “H”(leap), whose planar fig-
ure is shown in Figure 4.1, we need a planar FSA to recognize the de-
scription y(a) — [y(8) | [7(() — ~(0)]]. That is, at the beginning, the
automaton should be able to scan the left-hand side of the figure, then pro-
ceeds in reading v(() rightwards (&), reading rightwards across one grouping
bracket, rightwards again across (/) (1), then downwards across one group-
ing bracket, rightwards across v(¢) (), reads once again rightwards across
v(8) (A), and reads rightwards across two grouping brackets at the end.
Figure 4.2 shows how the 2FSA works.

As for planar finite-state transducers, it can be defined in a similar way

as 2FSA. We only need to change the eighth item in the above definition:%

5In order to implement the central claim Mogrr_.r in a given writing system, it is
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e § is a transition relation from Q x (X Ue) x (X UeUB)x d to Q.

In sum, finite-state techniques are well-understood, and inherently effi-
cient and compact mathematical models which have gained great success in
many Chinese NLP tasks, such as text analysis and Chinese word segmen-
tation. In this section, the formal properties of finite-state automata and
finite-state transducers are briefly introduced, in particular, we present a
planar formalism proposed by Sproat (2000), which is more than sufficient
to allow for an exhaustive structural analysis of the most complex Chinese
characters. Indeed, some text-processing applications are now based on pla-
nar finite state model.”

However, a point needs to be made here is that, via the FSA model, such
as the generative grammar model, the regularities of Chinese characters as
graphic patterns — without any explicit reference to sound and meaning — can
be explicitly explored. However, for our purpose here we are more interested
in representation models that can formalise conceptual and semantic infor-
mation. In the next section, we will turn to the (semantic) network models

which are closely related to the FSA model.

interesting not only in planar regular languages, but more generally in planar regular
relations and their computational devices. However, since we only want to illustrate the
formal models with respect of Chinese characters, such concerns are outside the scope of
the present study.

"See Chuan, De-Ming (1999). Project in dealing with “missing characters”. Chinese
Document Processing Lab. http://www.sinica.edu.tw/ cdp/
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4.3 Network Models

As mentioned earlier, most of the mathematical descriptions of Hanzi have
focused on the shape structure, and the formalization of semantic-conceptual
information encoded within Hanzi has therefore been neglected. In the re-
maining sections of this chapter, we will turn to this largely unexplored
aspect.

The section that follows is devoted to a discussion of network models.
By highlighting some well known formalisms, the aim is to make clear what
could be the model most fit Chinese ideographic structure. Before beginning,

I would like to introduce some basic notions.

4.3.1 Basic Notions

The following definitions are taken from Watts (2004) and Aldous (2000).

Definition 4.3.1. (Graph)

A Graph G refers to a structure composed of sets of a nonempty set of
elements, called vertices, and a list of unordered pairs of these elements,
called edges. The set of vertices is denoted by V(G), and the list of edges is
called the edge list of G, denoted by E(G). The number of vertices in V(G)
is termed the order (n) of the graph, and the number of edges in E(G) is
termed its size (M ). If the vertices are jointed by directed edges, such graph
is called a digraph.

Definition 4.3.2. (Network)

Graphs or digraphs can be used to represent all kinds of networks, where
the vertices represent some network elements (depending on the particular
application under consideration), and the edges represent some predefined
relationship between connected elements. Networks with undirected edges
are called undirected networks, networks with directed edges are directed

networks. In directed networks, the total number of connections of a vertex is
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called its degree k (also called “connectivity”); while in undirected networks,
the degree of a vertex k = k; + k,, namely, the sum of its in-degree k; (the
incoming edges) and out-degree ko (the outgoing edges).

As a kind of directed network labelled on both vertices and edges, the
idea of a Semantic Network representation ® for human knowledge is gener-
ally acknowledged in the field of computational lexical semantics. Semantic
netwroks were proposed to represent meaning and relationships of natural
language words. A graph is constructed where nodes represent concepts and
they connect to other concepts by a particular set of arcs called semantic
relations.

Semantic networks have been used for knowledge representation since the
early days of artificial intelligence research. In fact, the earliest work in
this area was done by Charles Sanders Peirce (1839-1914). He developed a
graphical system of logic called existential graphs and used it to systemati-
cally record observations of the world around him. Contemporary semantic
networks bear great resemblance to Peirce’s existential graphs, and his graphs
have been an inspiration for many researchers in fields of Al and philosophy.

In the field of psychology, graph representations have also been used to
represent structures of concepts and associations. Otto Selz (1881-1943), a
German psychologist from the University of Wiirzburg, used graphs to repre-
sent different concept hierarchies and the inheritance of properties. Lindsay
and Norman (1977) conclude to the same idea of representing the human
brain and its information storage as a semantic network: Concepts; gener-
alizations; specializations; defaults; exceptions and their properties can be
described in a simple yet expressive way (Lindsay and Norman 1997).

Generally, a semantic network is composed of three basic elements:

e concepts are abstract, universal entities that serve to designate a cat-

egory or class of entities, events or relations. However, the content of

8This idea originated in the work of Quillian (1968).
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instance

relation

Figure 4.3: Elements of a Semantic Network

concepts varies, and depends on the theoretical setting of semantics

proposed.

e relations describe specific kinds of links or relationships between two

concepts. Every relation is bidirectional.

e instances (of a relation) consist of two concepts linked by a specific
relation. An occurrence of two concepts linked by a relation is called

an instance of that relation.

Figure 4.3 illustrates the relations between these elements.

Because Semantic Network models are powerful in modelling various things
such as expert knowledge, sentences, chained causalities, narratives, and se-
mantic constraints bearing on a lexicon (Findler 1979), a wide variety of
different models have been introduced. The content of the structure repre-

sented in the semantic network depends on the applications intended.’

9More recently, semantic networks have been subject to an interesting area motivated
by the search for methods to organize and display larger and more complex knowledge
bases. New interest in object-oriented programming and object-oriented databases has
also focused attention on the object-centered aspects of semantic networks, especially
type hierarchies and inheritance. In general, the term “semantic network” encompasses
an entire family of graph-based visual representations. They all share the basic idea of
representing domain knowledge in the form of a graph, but there are some differences
concerning notation, naming rules or inferences supported by the language. The term
“semantic network” is also often used in a way that is almost synonymous with the term
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Figure 4.4: Two structures of the semantic network

Rastier (1987;1991) distinguishes three underlying paradigms: connec-
tionism, classical computationalism and linguistics. He defines the linguistic
approach as believing that the main interest in semantic networks lies in the
ability to define the semantic proximity between concepts.'’

Within these paradigms of semantic network models, Steyvers and Tenen-
baum (2002) observed two underlying mathematical structures that have
been widely used: a tree-structured hierarchy (e.g. Collins and Quillian,
(1969)); and an arbitrary graph (e.g. Collins and Loftus, (1975)) (see Fig-
ure 4.4). There have been many current large-scale lexical resources devel-
oped in the form of the semantic network in a broad sense. For example,

WordNet, Roget's Thesaurus, HowNet and the Chinese Concept Dictionary.!!

conceptual graph. However, Sowa (1984) clearly distinguishes the ideas of conceptual
graphs and semantic networks: each conceptual graph asserts a single proposition, while
semantic networks are much larger. Sowa suggests that semantic networks are entities
that embed conceptual graphs.

10T do not intend to give a detailed description of the numerous types of semantic net-
works that have been proposed for various purposes. The interested reader is referred to
Rastier (1987,1991) and the book review by Corriveau (1992) in Computational Linguis-
tics, Volume 18, No.4.

HHowNet (http://www.keenage.com) is an on-line common-sense knowledge base
which aims to unveil inter-conceptual relations and inter-attribute relations of concepts
as connoting in lexicons of Chinese and their English equivalents; the Chinese Concept
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4.3.2 Partial Order Relations

To our concern here, in the following, let us concentrate on three kinds of
partial order relations which are quite widely used in graphic (network)-based
representations of the semantic networks in a broad sense. To begin with,

some definitions of basic algebraic notions are provided.

Definition 4.3.3. (Relation)

Let A and B be sets, a relation R from A to B is a subset of A x B, the
cartesian product of A and B. If (a,b) € R, we write aRb and say that “a is
in relation R to b”. A relation R on set A may have some of the following

properties:
e R is reflexive if aRa for all a € A.
e R is symmetric if aRb implies bRa for all a,b € A.
e R is antisymmetric if aRb and bRa imply a = b for a,b € A.
e R is transitive if aRb and bRc imply aRc for all a,b,c € A.

Definition 4.3.4. (Structure)
A structure is a set together with one or more relations and operations

defined over the set.

Definition 4.3.5. (Partial Order Relation)
A reflexive, antisymmetric, and transitive relation R on a set A is called a
partial order(relation). In this case, (A, R) is called a partially ordered

set or poset.

Partial order relations describe “hierarchical” situations, and they are
usually represented by the symbols < or C instead of R. Figure 4.5 shows

the graphs for three kinds of partial order relations: tree, lattice, and general

Dictionary (CCD) (http://www.icl.pku.edu.cn/) is a WordNet-like semantic lexicon of
contemporary Chinese.
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lattice

tree acyclic graph

Figure 4.5: Three kinds of partial order relations (Taken from Sowa (1984))

acyclic graph.'? In general, every tree is an acyclic graph, and every lattice
is also an acyclic graph; but most lattices are not trees, and most trees are
not lattices (Sowa 1983).

In practice, the linguistic approach to the design of semantic networks
often assumes a form which falls somewhere inbetween a tree and a lattice
into certain degrees of directed acyclic graph structures. The property of an
acyclic graph will be dealt with in the following section, for the moment, we

will only provide the definition.

Definition 4.3.6. (DAG)
A directed acyclic graph (DAG) is a pair G = (G, <) such that < is an
acyclic relation on G. If < is transitive, G is called a directed transitive

acyclic graph (DTAG).

12Taken from Sowa (1983:383). A cycle is a path that returns to its starting point - the
first and last vertices are identical. A graph without any cycle is said to be acyclic. As
Sowa noted, to simplify the drawings, for the acyclic graph in Figure 4.5, the arrows on
the arcs are conventionally omitted , but to assume that the arcs are directed either from
the higher node to the lower node or the other way round.
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4.3.3 Tree

This subsection introduces basic notions about trees and their properties

from the graph theory.!?

Definition 4.3.7. (Undirected Graphs and Trees)
A Graph G = (V, E) is undirected if (v,w) € FE implies (w,v) € E, for all
v,w € V. A connected Undirected Graph is called a Tree if it has no

cycles.

Among the tree structures, some particular types (rooted and labelled

trees) occur repeatedly in linguistic literatures.

Definition 4.3.8. (Rooted Tree)

A rooted tree is a tree, in which one vertex is singled out as the starting
point, and the branches fan out from this vertex. We refer to this particular
vertex as the root, such that for all nodes v € V, there is a path in G from
the root r to the node v. A binary tree is a rooted tree where every node

that is not a leaf has exactly two children.

Definition 4.3.9. (Labelled Tree)
A labelled tree is a tree with labelled nodes . It can be depicted as a 5 tuple
7 = (N,Q, D, P, L) if the following conditions are satisfied:

1. N is a finite set of nodes.

2. Q is a finite set of labels.

3. D is a partial order relation on N, called the dominance relation.

4. P is a strict partial order relation on N, called the precedence relation.
5. (3z € N)(Yy € N)[(x,y) € D]

6. (Vz,y € N)[[(z,y) € PV (y,7) € P] < [(z,y) € DA (y,z) & D]]

13These formal defnitions are modelled on Valiente (2002).
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7. (Va,y,z,w € N)[[(w,z) € PA(w,y) € DA (x,2) € D] = (y,2) € P
8. L: N — Q is a label map

Traditionally, a tree is a tuple 7" = (N, D, P) satisfying all of the condi-
tions in the preceding definition except (2) and (8).

Definition 4.3.10. (Hypernym)
If the proposition “x is a kind of y” is true, then y is the hypernym of x
(denoted by x < Hz) or x is the hyponym of y. A hypernymy relation is:

e transitive: Vx,y,z € Nyx X Hy andy X Hz
e asymmetrical: Vr,y € Nyo X Hyandy X Hr -z =y

A few decades ago, Collins and Quillian (1969) suggested that concepts
can be represented as nodes in a tree-structured hierarchy, with connections
determined by the hypernym / hyponym relations (Figure 4.4). Such a hi-
erarchy provides a compact and elegant manner for representing categorical
knowledge, but as Steyvers and Tenenbaum (2002) criticized, it has severe
limitations as a general model for semantic structure. The property of inher-
itance seems only appropriate for certain taxonomically organized concepts,
such as classes of animals. Even in those cases, a strict inheritance structure
seems to apply except only to the most typical members of the hierarchy.

That is, a tree-structured hierarchy is only suitable for compact represen-
tation; and if it is chosen for this task, the atypical instances of the hierarchy

have to be clearly differentiated from one another in a different way.
Definition 4.3.11. A Huffman code tree is an unbalanced binary tree.

The last thing in regarding tree structure that we are concerned with is
the question of an encoding scheme. For the notion of coding through most
of this thesis, we will adopt a Huffman encoding tree-like scheme, which is

widely used in the area of data and text compression, due to its efficiency.
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If the Chinese characters to be encoded are assigned to a tree-like structure
with binary and quaternary branches (such as Chu’s concept hierarchy), then
an encoding of each character can be found by following the tree from the
root to the character in the leaf node: the encoding is the string of symbols
on each branch followed. That is, the sequence of edges from the root to any

character yields the binary code for that character.'*

4.3.4 (Concept) Lattice

This subsection introduces another important kind of partial order relation:

the lattice structure.

Definition 4.3.12. (Lattice)
A lattice is a structure consisting of a set A, a partial order relation =,
and two binary operators N (meet; intersection) and U (join; union), which

satisfy the following laws for all x, y, z € L:

e (L1: communicative): x Ny =yNx, xUy=yUx;

o (L2: associative): xN (yNz)=(xNy)Nz xU((yUz) =((xUy)U

Z;
e (L3: absorption): xN (xUy)=x,xU (xNy)=x

Two applications of (L3), namely, x N x =x N (x U (x N x)) = x, lead to
the additional law:

e (L4: idempotent): x N x =x, x U x = x.

Definition 4.3.13. (Upper and Lower Bounds)
Let (A, =) be a poset and B C A, then

4In coding theory, the code uses the same number of bits to represent each symbol is
called a fixed-length code in coding theory. The set of binary sequences is called a code,
and the individual members of the set are called codewords.
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(i) a € A is called an upper bound of B if b =< a for all b € B.
(ii) a € A is called a lower bound of B if a < b for all b € B.

(iii) The greates amongst the lower bounds of B, if it exists, is called the

greatest lower bound (or infimum) of B.

(iv) The least upper bound of B, if it exists, is called the least upper

bound (or supremum) of B.

A bounded lattice is one with a top T and a bottom 1 , where for any

element a in the lattice, 1. < a < T.

In the following, I will introduce the main ideas of Formal Concept Anal-
ysis method, in which conceptual structures are modelled as a hierarchical
network in terms of a special case of lattice. The goal is to discuss whether
this analysis could activate mathematical thinking for conceptual data anal-
ysis and knowledge processing of Hanzi.'®

The Formal Concept Analysis (hereafter FCA) is a theory of data anal-
ysis in the field of applied mathematics, which is based on the mathemati-
zation of concept and conceptual hierarchy. It was introduced by a German
mathematician Rudolf Wille in 1982. Since it can identify conceptual struc-
tures among data sets, it has been successfully applied to a broad variety of
domains such as sociology, medicine, computer science and industrial engi-
neering.

The FCA method focuses on the Concept Lattice Structures, also called
Galois lattices, arisen from binary data tables, which have been shown to pro-

vide a theoretical framework for a number of practical problems in informa-

tion retrieval, software engineering, as well as knowledge representation and

5The introductory part is mainly based on Wolff (1993). For a more math-
ematical treatment of some of the topics covered here, the reader is referred to
Ganter and Wille (1999). A lot of relevant publications can be found under
http://www.mathematik.th-darmstadt.de/ags/, in both English and German.
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management. One of its best features is its capability of producing graphical
visualizations of the inherent structures among data. Due to this capability,
it can also be used as a fit tool in formalizing, revising and refining lexical
databases, thesauri and ontologies.!®

Priss (2003) proposes that FCA as a methodology of data analysis and
knowledge representation has potential to be applied to a various of linguistic
problem. For instance, we can use FCA to (1) build a lexical database, the-
saurus or ontology, (2) visualize conceptual structures in a lexical database,
and (3) analysis semantic relations and identify inconsistencies among se-
mantic relations in a lexical database.

In the following, we will formally introduce FCA method and provide
an example of the analysis of Chinese characters. To allow a mathematical
description of extensions and intensions, FCA starts with the definition of a

formal context.

Definition 4.3.14. (Formal Context)

A formal context is a triple K := (G,M,I), consisting of two sets G and
M, and a binary relation I between G and M. That is, | C G x M. The
elements of G and M are called objects (Gegenstinde) and attributes
(Merkmale), respectively. The relation is written as glm or (g,m) € I and

is read as “the formal object g has the attribute m”.

A formal context can be represented by a cross table that has a row for
each object g, a column for each attribute m, and a cross in the row of g and
the column of m of glm. For instance, Table 4.1 shows an example of a formal
context for various kinds of vehicles in Chinese. It assigns the attributes Z#
(two-tires), MW#LlE (four-tires plus), AR (public), #A (private), ¥K31% (oil-
burning) to the objects # (vehicle), & (car), k® (train), BEg= (bicycle), #
## (ambulance), ## (motorbike), and 2% (bus).

16See Priss (1998) for an analysis for WordNet and Old (2002) for Roget’s Thesaurus.
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Definition 4.3.15. For A C G, we define
A'={me M |Vge A:(g,m) eI}
and, analogously, for B C M,
B :={geG|Vme B:(g,m) eI}

Soin Table 4.1, A’ { bus } = { four-tires plus, public, oil-burning
} and B’ { four-tires plus } = { car, train, bus } both hold.

Definition 4.3.16. (Formal Concept)
A pair (A, B) is a formal concept C of the formal context (G, M, I) if and
only if

ACG BCM,A =B,and A= B.

For a formal concept C := (A, B), A is called the extent (denoted by
Ext(c)) and B is called the intent (denoted by Int(c)) of the formal concept.
In the example of Table 4.1, ({car, bicycle, motorbike}, {private})isa
formal concept because A’ {car, bicycle, motorbike} = {private}, and
B’ {private} = {car, bicycle, motorbike}.

The set of all formal concepts of a context I with the order relation
<, denoted by B (K) (or B (G, M, I)), is called the concept lattice of K.
It is always a complete lattice, i.e. for each subset of concepts, there is
always a unique greatest common subconcept and a unique least common
superconcept. Figure 4.6 shows the concept lattice of the formal context in
Table 4.1 in the form of a line diagram.

Concept lattices can be depicted as line diagrams as in Figure 4.6, in
which a formal concept is represented by a small circle. For each formal
object g, the smallest formal concept to whose extent g belongs is denoted
by vg; and for each formal attribute m, the largest formal concept to whose
intent m belongs is denoted by pm. The concepts yg and pum are called

object concept and attribute concept, respectively. In the line diagram it
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two-tires | four-tires plus ‘public ‘private‘ oil-burning‘

vehicle
7 7 7
train V vV

bicycle Vv
ambulance
motorbike v Vv

bus Vv

<[~

<=

Table 4.1: A formal context of vehicles

is not necessary to include either the full extent or intent for each concept;
instead, the name (verbal form) of each formal object g is written slightly
above the circle of um.

In a line diagram, the extent of a formal concept consists of all objects
whose labels are attached to subconcepts. Analogously, the intent consists of
all attributes attached to superconcepts. For example, the concept labelled
oil-burning has {car, ambulance, motorbike, bus} as extent, and {oil-burning,
two-tires} as intent. Based on that, FCA method can be useful in concept
learning if we add more objects and attributes. Figure 4.6 shows a more
complex concept lattice of the formal context by adding more objects.

The most important structure on B (G, M, I) is given by the subconcept-

superconcept relation that is defined by
(Al, Bl) < (AQ, Bg) R A1 - A2(<:,> By, C Bl)

For example, in table 4.1, ({car, bicycle, motorbike }, {private}) as a for-
mal superconcept of ({motorbike}, {four-tires minus, private, oil-burning }),
has more objects but fewer attributes than ({motorbike}, {four-tires minus,
private, oil-burning }).

It follows from this definition that each formal concept is a formal sub-
concept of itself, in contrast to the natural language use of subconcept, which

precludes a concept from being a subconcept of itself. The relation < is a
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Figure 4.6: A concept lattice represented by a line diagram

mathematical order relation called formal conceptual ordering on B (G, M,
I) with which the set of all formal concepts forms a mathematical lattice
denoted by B (G, M, I).

More details of the FCA can be found in Ganter and Wille (1996).

The Concept Lattice has some advanced features over other representa-
tions, However, as Vossen (2003) observed, many lattice structures introduce
a (very) large number of internal nodes for feature combinations that have no
natural human interpretation (see Figure 4.7), and hence no lexical expres-
sion in many languages. Therefore he concluded that lexicalization in natural
language does not obey the systematic rules of a lattice or a tree. Whereas
the lattice generates all logical concepts, language tends to lexicalize only
those concepts that are efficient to support communication.

Based on the comparison of EuroWordNet Top ontology with the or-
ganization of Chinese radicals, Wong and Pala (2001) concluded that, the

semantic features of the component (radical) organization of Chinese charac-
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Figure 4.7: A more complex concept lattice

ters form a semantic network as opposed to tree structures found in existing
ontologies. Rather, such a semantic network is richer, more complete, and
more transparent in the sense that, it is a natural organization. It would be

interesting to apply the FCA to the analysis of Hanzi components.
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4.4  Statistical Models

Statistical methods have become a mainstream approache to computational
linguistics and neighbouring fields. They have been successfully applied to
many tasks such as word co-occurrence and similarity, lexical collocation and
association.

This section will describe the statistical and probabilistic aspects of char-
acters and their components. For clarity, it is composed of three subsetions
which deal with statistical studies of three aspects of Chinese characters: the

character itself, character combination and character network.

4.4.1 Character Statistics

Previous statistical studies of Chinese characters have focused mainly on
counting. A good example of this is, the frequency table of currently used

characters.'”

Though these simple counts on texts can be used in other
applications, they are hardly linguistic significant (Manning and Schiitze
1999).

Some linguists have turned to explore the invariable laws that govern
natural language. The most well-known of these is Zipf's Law: f %, which
states that the relation between the rank r of the word and its absolute
frequency f, is constant. Research in the European tradition of quantitative
and synergetic linguistics has made the strong assumption that language
is a complex self-regulating system, within which many language laws can
be detected in the quantitative dependencies, such as the relation between
particular variables (e.g. frequency (F'), length (L), polylexy (PL), and
polytexty (PT)). Kohler (1986) derived many models of language structures

that might be of some interest to the concerns of NLP. For example, L =

"Due to the lack of agreement concerning the definition of components, a systematic
explanation of character statistics (e.g. the distribution of Character Head and Character
Body, and the correlation between Character Head and Character Body) is not available
either.
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a; F~% which means that the Length L is a function of the Frequency F;
and Pl = ayL "2, which means that Polylexy (the number of meanings) Pl
is a function of the length L.

Basically, Length is measured in terms of three basic types of units (Grot-
jahn and Altmann 1992). Namely, graphic (letters, strokes, or radicals), pho-
netic (phonemes or syllables) and semantic (morphemes). They are again,
word-based. In past studies,'® Chinese word length has almost always been
measured in terms of the number of characters. Seen from the angle of
methodological consideration (Grotjahn and Altmann 1992), the choice of
the unit of measurement could effect the construction of model for word
length. I have proposed a character-based Length modelling of distribution
measured in terms of the stroke numbers of morphemes, in order to compare
with the results from the previous word-based studies.®

By assuming that Chinese characters also function as linguistic units,
character lengths are not distributed at random, but correspond to specific
laws, two small experiments investigating the relations between character
length, frequency and meaning numbers were made. Figure 4.8 shows the
initial results concerning the relation between character length and frequency
(a), character length and polylexy (b) (The Least Square Method was used
for the curve fitting.) The results demonstrate that to a certain degree, the

language laws are abided by.

4.4.2 Statistical Measures of Productivity and Association of
Characters

Chinese characters mostly do not occur in isolation, but rather as a rule
combine with other characters to make (polymorphemic/polysyllabic) words.

In the previous chapters, we have introduced that the ingenuity of Chinese

18See Zhu and Best (1998). Wortlingenhiufigkeiten in Chinesischen Kurzgeschichten.
In Asian and African Studies 7; Hartmut Bohn (1998).

9Part of them were presented in Hsieh (2003). The results are promising but still need
refinement.
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Figure 4.8: Character-based language laws testing

writing lies in word formation: A nearly unlimited number of Chinese words
can be composed by combinations from a stock of around 3000 - 4000 unique
characters.

The productivity and association of Chinese characters have become one
of the central notions of Chinese computational (derivational) morphology.
They also provide useful information for Chinese lexicography. In this sec-
tion, I will introduce some measures for co-occurrence statistics widely used
in the area of Lexical Knowledge Acquisition, in the hope that, by bringing
statistical measures into morphological theory, we will be able to make the
intuitive notion of the underlying process of conceptual combination or se-

mantic transformation more precise.
e Morphological Productivity: Morphemes vs.Characters

In linguistics, the problem of vocabulary richness with respect to word for-
mation patterns is known as the problem of morphological productivity.?’
Simply put, the focus of a study of morphological productivity is on deriva-
tional affixation that involves a base word and an affix (Aronoff 1976), such
as the English word “productiv + ity”. In Chinese, no matter one define

the Affix or Morpheme, they are all character-based. In addition, the most

20The measures discussed here are based on the presentation in Sproat and Shih (2001),
Baayen (2001;2003).
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important word-formation process is compounding, i.e. the combination of
two or more characters - each usually having with its own lexical meaning,
(i.e. having a substantial meaning of its own) -, to produce a new unit that
functions as a single word. Since Chinese characters are extremely productive
in their ability to generate new words, compounding plays a major role in
Chinese morphology. So the term productivity or word formation capability
of characters will be preferred here.

Most research concerning morphological productivity has attempted to
apprehend these aspects of this phenomenon in terms of qualitative properties
of word formation patterns.?! In fact, as Baayen (2003) noted, morphologi-
cal productivity is graded or scalar in nature, with for instance, productive
word formation at one extreme (-ness, goodness), semi-productive word for-
mation in the middle (-ee, employee), and unproductive word formation at
the other extreme (-th, warmth). It is a pre-theoretical notion with various
interpretations that can each be formalized statistically.

Various measures that formalize the notion of degree of productivity have
been proposed, one of these (Aronoff 1976) is defined as:

1= (4.1)

where V' is the number of distinctive instances of a morphological category
— e.g. the number of words in a dictionary ending in the suffix -ee —, and S
is the number of potential types of that category. However, such numbers
are difficult to even estimate, even with the aid of a dictionary or corpus.??
Similar to the “Good-Turing” Measure (Good 1953), another measure that
turns out to be more reasonable than Aronoft’s was proposed by Baayen

(1989):

P = (4.2)

21For an excellent description please refer to Baayen (2001).
2For a detailed discussion, please refer to Sproat and Shih (2001) or Baayen (2001).
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where Productivity P is defined as the number of hapax legomena V' (n, 1)
divided by the number of tokens N, of a particular construction found in a
corpus. (For instance, the number of tokens of all nouns ending in -ness).
In the case of characters, consider a corpus where the value of N is 7468.

For the human noun plural affix #1 (/mén/), V(n, 1) = 253, so the P of 41 is

equal to 724—52338 = 0.03; for a more productive aspectual verbal affix 7 (/1¢/),
the value of P is higher (72 = 0.05).

Though the measurement of character productivity is meaningful for
corpus-based studies in Chinese morphology, in this thesis, we are also in-
terested in examing further whether statistics can help in explaining the
semantic constraints. In the ensuing discussion, we turn to the issue of char-
acter association,?® but restrict ourselves to the association between two
characters.

Statistical research in character association, such as research in colloca-
tion acquisition, mostly took a frequency-based metric in measuring a certain
type of collocation. So the character association was defined as a pair of char-
acters that appear together more often than would be expected by chance.
To estimate the correlation between character pairs, a metric called Mutual

Information has often been adopted.?*
e Mutual Information

Mutual Information MI(x; y) compares the probability of observing character

Z3This term is similar to the notion of Collocation in linguistics, which falls some-
where along a continuum between Free-word Combination and Idioms. Nonetheless, in a
character-based context, careful distinction between these two terms should be made, and
the term character association is preferred in this thesis.

24There are also some other statistical measures such as t-score, likelihood ratio, chi-
square and Yule’s coefficient of colligation Y that are often used to measure the strength
of collocation. However, in his informal experiments using likelihood ratios and chi-square
measures, Jun found that these two statistical methods do not provide a reliable measure of
collocation as far as the two diagram lists are concerned. The problem with these two meth-
ods is that they are much less discriminative as compared with MI. For preliminary report,
please take a look at this comparison page: http://www.bio.utexas.edu/staff/jun/chinese-
computing/statistics/fhy-collocation.html
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x and character y together (the joint probability) with the probabilities of

observing x and y independently (chance).

z,y)
MI(z;y) = log, P PW) (4.3)
f(}vv,y)

It provides a metric for measuring the degree of association between two
characters. If there is a strong association between characters x and y, then
the joint probability P(x,y) will be much larger than chance P(z)P(y), and
consequently MI(z;y) > 0. If character = and character y are independent,
then P(x,y) ~ P(z)P(y), and thus, MI(z;y) ~ 0. If  and y are in comple-
mentary distribution, then P(x,y) will be much less than P(x)P(y) , forcing
M1I(z;y) < 0. Character probabilities P(x) and P(y), are to be estimated by
counting the frequency of x (f(x)) and y (f(y)), over a corpus, or frequency
data, and then normalizing by N, the size of the corpus. Joint probabilities
P(z,y), are computed by counting the number of times that x is followed by

y, f(z,y), and normalizing by N.*
e Information Content and Word Binding

While it is easy to understand that an almost unlimited number of words
can be composed by combinations of around 3000-4000 unique characters, it
is still not clear about the qualitative change, i.e., the change in information
content during such a progress. Lua (1990) has investigated the formation
of Chinese words from characters by the application of information theory.
Lua proposes that, the binding force in the process of word formation by
combining a number of characters can be derived from the loss of information

content when a word is formed.

25Several  on-line  resources are  available such  as Sinica Corpus
http://www.sinica.edu.tw/SinicaCorpus/, or Jun Da’s Chinese Text Computing
project http://www.bio.utexas.edu/staff/jun/chinese-computing/.
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The information content I; of a linguistic symbol (character or word) is
measured by its entropy value proposed by Shannon (1948). It is related to

the probability of occurrence of the symbol, i.e., P;, of a language system:

I, = —log, P, (4.5)

And the loss in information content (I.) when p characters are combined

to form a word can be calculated from:

1=p
L=I,-)_ I (4.6)
=1

where I, and I; represent the information content of the word and its
constituent characters respectively. There can be two results: I, < 0 or I, >
0. The first result is the usual case where there is information loss when the
word is formed. A high loss in information content indicates strong binding
between the characters. The characters are less independent and it is also
easy to derive the meaning of the word from the composing characters. An
example is the dissyllabic word #5%%(/mama/; “mother”), where the meaning
is almost the same as when it is in the monosyllabic form, #5. The later
result is an unusual case where there is information gain when the word
is formed. It indicates that the meaning of a word is deviated from the
meaning of its composing characters significantly. Most examples come from
the foreign word such as ™ (/keke/; “coco”). Its composing characters are
two ¥, which means “alright”. Based on the “Modern Chinese Frequency
Dictionary” (1985), Lua found that most words belong to the first case.

Lua (1990) also derived a quantity called word binding (B) from the
consideration of probability of occurrence. Let us consider a word w which
consists of p characters. The probabilities of occurrence for this word and
each of its constituent characters are P,, Py, P»,....P,. The probability of

obtaining a word w by randomly selecting p characters are :
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Py =[]~ (4.7)

P,
B=-"" 4.8
e (48)
It can easily be derived that:
log, B = I. (4.9)
The derivation is shown below:
i=p
I, =1, — Z I, (4.10)
i=1
i=p
= —log, Py + Y _log, P; (4.11)
i=1
Py,
— log, (P ) (4.12)
=log, B (4.13)

Thus the change in the information content I. when a word is formed
provides a direct measuree to the word binding between characters.

The binding force of a word is a measure of how strongly the characters
composing the word are bound together as a single unit. This force is often
equated with the usage frequency of the word. It is reasonable that the
change in the information content or the word binding force can serve as a
guide to the degree that the original meaning of a character is extended,
modified or transformed. However, in a strict sense, we are still not able
to predict the meaning of a word by using these two quantities. They do,
however, as will be applied in later experiment, serve as important linguistic

parameters.
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4.4.3 Characters in a Small World

Now let us consider the connection aspects between characters in a global,
dynamic manner. The interest here is primarily focused on how Chinese
characters behave and how this behavior is affected by their connectivity

from a statistical viewpoint.

Background

The network models discussed in the previous section are be classified as
regular and random graphs in traditional Graph Theory. Different network
models exhibit different degrees of heterogeneity and randomness. As seen
in Figure 4.5 in the previous section, among the typical network models
of partial order relations, lattice-like and tree-like networks represent the
highest degree of homogeneity and have no randomness, while the acyclic
graph is a random graph such that two nodes are joined with some probability
p (like Erdés-Rényi Graphs) (Solé and Valverde 2004).

From the views of Graph Theory, regular graphs (networks) have high
clusterings and small average shortest paths, while random graph (networks)
are found at at the opposite of the spectrum, as they have small average
shortest path and low clusterings. It seemed that no interesting things existed
between regular (or deterministic) networks and random networks.

By the middle of the 1990s, with astounding discoveries and the develop-
ment of a vast number of networks- be they natural (e.g. biological networks)
or artificial (e.g. the World Wide Web)-, which all have a specific architecture
based on a self-organizing, fat-tailed, non-Poisson distribution of the number
of connections of vertices that differs crucially from the “classical random
graphs”. The structure of networks with random connections has turned out
to be an object of immense interest for researchers in the various sciences.

These new trends have also been incorporated into the study of the lexical
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semantic network.%6

Based on the characteristics of real-world networks, two important quan-
titative features have been reported: the “small world model” by Watts and
Strogatz (1998); and the “preferential attachment model of scale-free net-
works” by Barabdsi and Albert (1998). These models have reshaped the way

we think of networks.?”
e Small World Phenomenon

Research specific to the small world phenomenon in the network began
with the idea of a “social network” employed by sociologists in the 1960s.
The small world phenomenon formalises the anecdotal notion that “you are
only ever six ‘degrees of separation’ away from anybody else on the planet.”
This claim infers that even when two people do not have a friend in common,
they are separated only by a short chain of intermediaries (Watts 2004).

Since then, it has been observed that many real-world networks exhibit
this so-called small world phenomenon, with its two distinguishing features:
a small distance between any pair of nodes, and a clustering effect, which
means that two nodes are more likely to be adjacent if they share a neighbor.
As in the view of Graph Theory, regular networks have high clusterings and
small average shortest paths, with random networks at the opposite of the
spectrum, as they have small shortest paths and low clusterings. Small-world
networks fall somewhere in between these two extremes. In this thesis, I use
the term small-world network to refer to the combination of these two fea-

tures: the average shortest path-length (as small as that in a random network

26See the pioneering work of Steyvers and Tenenbaum (2002).

2TFor more details about the revolution in network science, please refer to Ben-Naim et al
(2004). One point that should be noted here is, as Dorogovtsev and Mendes (2003) remind
us, the particular network we observe is only one member of a statistical ensemble of all
possible realizations. Therefore, when speaking about a random network, we are actually
speaking about an ensemble of nets. A statistical description of a random network only
suggests the description of the corresponding statistical ensemble.
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with the same parameters), and the relatively high clustering coefficient (as
high as that in a regular network) (Watts 2004).

The Path Length L refers to the distance d(i, j) between every vertex and
every other vertex. “Distance” here refers to the minimum number of edges
that must be traversed in order to reach vertex j from vertex 4, or simply,
the shortest path length between i and j (Watts 2004). The Clustering
Coefficient C characterizes the “cliquishness” of the closest environment of
a vertex, or, in other words, the extent of the mutual “acquaintance” of its
closest vertices (Dorogovtsev and Mendes 2003).

The formal definitions in the following are taken from Watts (2004):

Definition 4.4.1. (Path Length)

The path length L of a graph G is the median of the means of the shortest
path lengths connecting each vertex v € V(G) to all vertices. Namely, cal-
culate d(v, j)Vj € V(G) and find d, for each v. Then define L as the median
of { d, }.

Definition 4.4.2. (Clustering Coefficient)
The clustering coefficient C, depicts the extent to which vertices adjacent to

any vertex v are adjacent to each other,
E(T,
o _ |ET)
@
2

where the neighbourhood T, of a vertex v is the subgraph that consists of

(4.14)

the vertices adjacent to v (not including v itself); |E(I',)| is the number of

ky

edges in the neighbourhood of v, and (2

) is the total number of possible

edges in T,,.28

For example, suppose we have an undirected network, in which one of

its vertices v has four nearest neighbors, and there are two edges between

28In fact, such subgraphs can be regarded as small loops of length 3 in the network.
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these nearest neighbours. Then the clustering coefficient C, of this vertex
is calculated as C, = % = % If we would like to calculate the clustering
coefficient of this netonrk, C we simply take the average value of C,.

One can easily see that the clustering coefficient of a completely connected
network is equal to 1, while on the other hand, the clustering coefficient of
a tree is 0. For the purpose of comparison, the statistical features of the
classical random graph will also be computed. Suppose that a classical ran-
dom graph consists of N vertices randomly connected by M edges, with the

mean degree k. Each pair of vertices is connected with the same probability

> [E@l Here, |E(T,)| = k = 4. The clustering coefficient of a classical
random graph is therefore C,qniom = ‘E(]I\;v)"

Definition 4.4.3. (A Small-world Network)
A small-world network is a graph G with n vertices and average degree k

that exhibits L ~ L andom(n, k), but C > Crandom-
e Scale-free Network

The term scale-free network was first coined by the physicist Albert-Laszlo
Barabési and his colleagues (Barabési 1998). This is a specific kind of net-
work which demonstrates short-range correlations between vertices and a
decrease of a local clustering coefficient with increasing degree of a vertex.
In such networks, the distribution of connectivity is extremely uneven.
Some nodes act as “very connected” hubs using the power-law degree distri-
bution.?? Formally, scale-free networks are networks whose degree distribu-

tion (i.e. fractions of nodes with k degrees (connections)) behaves as:

Pk)x k™ k#0,m<k<K, (4.15)

29Tn contrast to other degree distributions such as the Exponential distribution or the
Poisson distribution, the Power-Law distribution has no natural scale, and hence may be
called scale-free. Networks with such distributions are thus labelled as scale-free networks.
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where A is the exponent, m is the lower cutoff, and K is the upper cutoff.

There is no node with a degree below m and above K.
e Do Chinese Characters Constitute an Affiliation Network?

Extensive studies have shown that many large natural and artificial net-
works have both the small world and scale-free features. In the lexical network
field, Steyvers and Tenenbaum (2002) investigated graph theoretic proper-
ties of the semantic networks created by WordNet, Roget's Thesaurus, and
the associative word lists built by Nelson et al. All three lexical resources
turned out to share distinctive statistical features of both small-world and
scale-free structures. These results motivate us to speculate that this sort of
property is widespread among networks of Chinese characters.

Do Chinese characters actually live in a small world? What are the most
general conditions under which the world can be considered “small”? The
following is devoted to tackling this question.

As discussed previously, Chinese writing system employs many thousands
of characters (Hanzi), which can combine in a fairly sophiscated way. Quite
unlike European writing systems, the Chinese writing system is constructed
in such a fashion that it carries abundant complex conceptual, phonological
and semantic information.

In order to survey the statistical properties of Chinese characters, we
need a database of characters. But, how we define when two characters are
connected depends on how we define the relation between them. Previous
research like that of Fujiwara et al. (2002) is based on 6500 Hanzi (Kanji)
used in Japan, and extracted from a character database (UTF-2000). In

30To illustrate the mechanism of a scale-free network, Barabési and Albert introduced an
evolving network model where the number of vertices IV increases linearly with time rather
than remaining fixed, and a newly introduced vertex is connected to m already existing
vertices with a probability linearly proportional to the degree of the selected vertex, which
is called the preferential attachment rule. The degree exponent then follows the power law
with the exponent v = 3. A generalized version assigns the probability proportional to
k+m(a—1),a > 0 being a tunable parameter. The the degree exponent is then v = 2+ a.
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Figure 4.9: (a). Bipartite graphs of characters (the numerically indexed row)
and components (the alphabetically indexed row), (b). Reduced graph from
(a) containing only characters.

this experiment, characters are decomposed into components in a tree-like
hierarchy, but without explicit reasons for the decomposition rules.

Instead, we will construct a bipartite network from the entries in a con-
cept knowledge base of Chinese characters, called the Hanzi Genes Dictio-
nary (http://www.cbflabs.com). Apart from pictographs, each character in
this dictionary is decomposed into two parts: the Character Head and the
Character Body, which both contribute to the meaning composition. The
number of components and characters are 256 and 6493, respectively. The
vertices in this bipartite network are split into two sets, S; (components:
AB,CD,EF,...), and Sy (characters: 1,2,3,4,5,6,7,8,...) in such a way that
each edge has one end in S; and one end in S;. The construction of the

network is depicted in Figure 4.9.

Data

The data meets the requirement N > & > log(N) > 1, where the total
degree of network K > log(N) guarantees that a random graph is connected.

In addition, the character network considered here is an undirected sparse

kv

2), where each node is

network. Sparseness here implies that (M) < (
connected to only a small fraction of the network, in comparison to a “fully
connected” graph. This is a necessary condition for the notion of small world
to make sense.

The following main structural characteristics used in this experiment are
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listed below:
e The total number of vertices: N
e The total number of edges: M
e Degree of a vertex: k
e The total degree of a network: K
e The mean degree of a network: k
e Degree distribution: P(k)
e 7 exponent of a degree distribution. v : P(k) ~ k™7
e The undirected shortest-path length: L
e The average shortest-path length: L
e (lustering coefficient of a vertex v: C,
e Clustering coefficient of a network: C

Experiment and Results

As mentioned, two statistical quantities are presumed to describe the static
structure properties of this network: the Path Length £, and the Clustering
Coefficient C. The path length £ measures the typical “distance” d(i, j)
between two vertices of the graph. Another statistic, the clustering coefficient
C, of a vertex, measures the “density” of connections in the environment close

to a vertex. Conventionally (Watts and Strogatz (1998); Watts (1999)), £

can be computed as %; C, can be calculated as the ratio between the total

number of edges in I'(v) (the total number y of the edges connecting its
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nearest neighbours), and the total number of possible edges in I'(v) (the

total number of all possible edges between all of these nearest neighbours),

_the number of direct links between neighbours of v

C, =

4.16
the number of all such possible links ( )

and therefore reflects the ‘cliquishness’ of a typical neighborhood (Watts
1998). Further, the clustering coefficient of graph G is C, defined as the
average of C, over the entire graph G.

The scale-free property, on the other hand, is defined by algebraic behav-
ior in the probability distribution P(k, N) of k. Since the character network
in this experiment is undirected, and vertices can be distinguished, for each
vertex we can obtain degree distribution p(k, s, N). This is the probability
that the vertex s in the network of size N has k connections. Knowing the
degree distributions of each vertex in a network, the total degree distribution

can be calculated as:

P(k,N) = % > plk,s,N) (4.17)

s=1

The first moment of distribution, that is, the mean degree of this network
is k =", kP(k), and the total number M of edges in this network is equal
to kN/2 (Dorogovtsev and Mendes 2003).

Our first result is that this character network is highly clustered and at
the same time and has a very small “length”, i.e. it is a small world model
in the static aspect. Specifically, £ 2 L, undom but C > Crandgom- Results for
the network of characters, and a comparison with a corresponding random
network with the same parameters are shown in Table 4.4.3.

Next, we consider the dynamic features of the character network. The
distribution of the number of connections follows power laws that indicate
a scale-free pattern of connectivity, with most nodes having relatively few

connections jointed together through a small number of hubs with many
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| | N k[ C L |l
Actual configuration | 6493 | 350 | 0.64 | 2.0 | 24
Random configuration | 6493 | 350 | 0.06 | 1.5 | 19

Table 4.2: Statistical characteristics of the character network: N is the total
number of nodes(characters), k is the average number of links per node, C is
the clustering coefficient, £ is the average shortest-path length, and f,,q, is the
maximum length of the shortest path between a pair of characters in the network.

connections. The degree distribution is plotted in log-log coordinates with
the line showing the best fitting power law distribution. P(k) oc k=*, k # 0.
Here, A is the exponent of distribution.

In conclusion, the character network we consider here shares the similar
statistical features with other lexical resources both in small-world and scale-
free structures: A high degree of sparsity; a single connected component
containing the vast majority of nodes; very short average distances between
nodes, high local clustering; and a power-law degree distribution with an
exponent near 3 for undirected networks.

The real characters network - if it exists - could be more complicated than
the thumbnail sketch presented here. However, the statistical regularities
that we have covered in this section could be helpful in contemplating of the

construction of Chinese lexical resources.

4.5 Conclusion

Summing up, in this chapter, we will restrict ourselves to formal models and
their abilities of expression in relating to the conceptual/semantic structure
of Chinese characters. As seen, the formal models discussed all have their own
advantages and disadvantages as a explanatory framework for the conceptual
knowledge representation of Hanzi. The choice of a proper representation
depends on the particular problem involved.

Though the discussion of these formal models is far from composing a
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theory of meaning or concept in general, it may serve as groundwork for
such a theory. It is therefore necessary to recapitulate the points already

made:

Formal language and finite-state models have been widely used in the
formal analysis of Chinese characters. With their great success in many
Chinese NLP tasks such as text-to-speech analysis and Chinese word seg-
mentation, these models, which pay more attention to Chinese characters
as graphic patterns instead of as meaning patterns, seem to us to be less

interesting to meet our concern in this survey.

For the hierarchically organized semantic and conceptual information
representation of Chinese characters, Graph-based or network representa-
tions have the advantages of generality over other more restrictive solutions,
for network structures provide intuitive and useful representations for mod-
elling semantic knowledge and inference. The semantic network model, which
has been widely used in artificial intelligence for knowledge representation,
is an appealing solution for semantic and conceptual information encoding.

Among the semantic network models, we focused on some widely known
partial order relations such as tree, lattice and acyclic structures. The Con-
cept Lattice, with its mathematical rigidity, has some advantages over other
representations. But the degree of specification is problematic, and there
has been no agreement on how many relationships between various types of
concepts we should add to.

In addition, as Vossen (2003) observed, many lattice structures introduce
a (very) large number of internal nodes for feature combinations that have
no natural human interpretation, and hence no lexical expression in many
languages. Whereas a lattice generates all logical concepts, language tends
to lexicalize only those concepts that are efficient to support communication.

We agree with Vossen’s conclusion in that, typically, formal ontologies are
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small, highly symmetric, and often developed top-down, whereas large-scale
ontologies for NLP are often based on the less systematic lexicalization of

concepts.

Empirical evidence is also necessary to motivate the construction of
knowledge resource at the level of characters. In the statistical model, de-
scriptive statistics of character components and their governing laws were
introduced. At the word level, some statistical measures of the production
and association of Chinese characters were introduced, which could be im-
portant parameters to use in the linguistic resource construction and some
NLP tasks. The structure of a specific Hanzi-driven semantic network was
also analyzed. It was found that this network, like many other linguistic
semantic networks, such as WordNet and Roget's Thesaurus, exhibits a small-
world property, characterized by sparse connectivity, small average shortest
paths between characters, and strong local clustering. Moreover, due to its
dynamic property, it appears to exhibit an asymptotic scale-free feature with
the connectivity of power laws distribution, which is found in many other net-
work systems as well. These results yielded the motive for the construction

of a network for Chinese characters from the statistical point of view.

The Candidate Solution:
Therefore, given all of the matters discussed up to this point, a candidate
solution is proposed for the formal representation of conceptual information
in Hanzi: The tree structure provides a proper mathematical model for the
Hanzi-driven conceptual hierarchy; while the lattice structure captures the
salient features and characteristics of the semantic aspects of components
in and between characters. The Huffman code tree-like encoding method is
especially effective in the encoding of these information.

In the upcoming chapter, I will develop a Hanzi-based theoretical frame-

work as well as software implementation based on the formal analysis in
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this chapter. The validity of this selection will be examined throughout the

remainder of this thesis.
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Part 111

Representation
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Chapter 5

HanziNet: An Enriched Conceptual
Network of Chinese Characters

This chapter is primarily concerned with representational issues, addressing,
among others, a currently developed integrated knowledge resource concern-
ing Chinese characters: HanziNet.

As introduced previously, while traditional Chinese philologists give em-
phasis to characters as the main focus of Chinese semantic studies, most
modern Chinese linguists have acknowledged the word as the prime carrier
of meaning. In this Chapter, it will be argued and proposed that with the
integration of two perspectives, it could possibly provide a more sufficient
description.

Based on this consideration, the goal of building a HanziNet are twofold:
(1) to give each Hanzi in use a rigorous conceptual location, and a charac-
ter conceptual network thereof and (2) to anchor HanziNet as a coupling
interface between Concept and WordNet in a Chinese context, in order to
facilitate lexical and knowledge processing.

The chapter is thus structured as follows: Section one introduces the
motivation of the construction of HanziNet. Section two compares some re-
cently proposed models concerning with Chinese characters. Section three
describes some fundamental issues and proposes a theoretical model under-

lying the HanziNet. After these preliminary discussions, in section four and
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five, the architecture of HanziNet, including basic design issues, components,
Hanzi-grounded upper level ontology, and the coupling of WordNet will be
discussed. Finally, I will close this chapter by discussing some issues in

HanziNet ontology construction.

5.1 Introduction

e Why (not) Chinese WordNet?

The most widely used lexical resource for natural language processing might
be WordNet,! which has been developed by George Miller (1995) and his col-
leagues (Fellbaum 1998a). Over the recent years, WordNet has grown into
a large lexical database and has become a common designator for seman-
tic networks of natural languages (Fellbaum 1998b). The success of the the
Princeton WordNet seems to lie in the general framework it provided, and
it has motivated the development of several other WordNet projects for nu-
merous other languages. For example, an EC project called EuroWordNet is
the building of a multilingual database with WordNets for several European
languages, structured along the same lines as the Princeton WordNet (Vossen
1998). In the Chinese speaking world, some WordNet-like lexical database
have been developed as well, for example, the Chinese Concept Dictionary
(CDD) and HowNet.?

The Princeton WordNet is a lexical semantic network which contains
information about nouns, verbs, adverbs and adjectives in English, and is
built around the concept of a synset. A synset is a set of lexical units (e.g.
words, compound nouns and collocations) with parts of speech that are syn-
onymous, that is, these lexical units can be interchanged in a certain con-

text. For example, {animal, animate being, beast, brute, creature,

At the time of writing, the most updated version is WordNet 2.0,
http://www.cogsci.princeton.edu/ wn.
2For other languages, See “WordNets in the World” at http://www.globalwordnet.org.
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fauna} form a synset because they can be used to refer to the same concept,
and such sameness can be described in a synset by a gloss: “a living organ-
ism characterized by voluntary movement”. Often examples are provided as
well. These synsets are linked with each other via semantic relations, such
as hyperonymy, hyponym, meronym, holonym, antonym, etc., and other re-
lations such as entails, causes, and derivational related relations. By means
of these relations, all of the senses of words can be interconnected and thus
constitute a huge semantic network.

Indeed, WordNet as a useful lexical knowledge resource has been proved,
and widely applied to many NLP fields. However, in the Chinese case, an

envisaged Chinese WordNet might have some deficiencies in its expression.

e Family resemblance of characters
As discussed previously, due to its ideographic property, the inner struc-
ture of Chinese characters (e.g head component and body component)
might possess some idiosyncratic properties (e.g. a small world net-

work).

The analogy of family resemblance could be used here to illustrate
the case. In a family of Chinese charaters, every member shares some
similar traits (i.e., components) with some other members, but there is
no common components among the whole family. These relations would
not be expressed in WordNet. However, this insufficiency would have an
unfavorable influence on the surveys of so-called “cognate characters”

proposed in the traditional study of Chinese scriptology.

“Cognate characters” are defined as characters which share the same
sound or meaning components, for instance, {% (high). 5 (arrogant). %
(bridge). # (raise)} constitute a set of “cognate characters”, for they
share the same sound component %, which also share a similar core

meaning (“top-down”; “situated at the top”) carries by the compo-
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shared component and meanings | cognate characters

% (bird) # (dovelet); M (roc); & (parrot); 4% (dove)

47 (road;action) #7 (street); fif (thoroughfare); # (dash onward)

# (boat) #5 (ship); #t (navigate); #7 (boat); #% (shipboard)

M (rain) % (snow); & (frost); & (cloud); & (hail)

#& (protect;bring up) # (fort); #% (swaddling clothes); # (baby sitter); #& (nurture)

Table 5.1: Cognate characters

nent.? Some more examples are given in Table 5.1.4

e Conceptual relatedness of characters
As known, the most majority of Chinese words are composed of two
characters. More and more Chinese morphological studies have re-
vealed the concept formation / semantic patterns of dissyllabic words
driven by characters (Lua 1993; Wong 2004; Xu 2004; Chu 2004). Takes
an example of B (/qii/,“take”):® It can combine with some other char-
acters to form words, in order to represent various ways, attitudes, pur-
pose, means, objects and locations concerning with the action “take”.
E.g., bad-qu (“pull-take”: eradicate), lie-qii( “hunt-take”: hunt), cai-
qu (“pick-take”: adopt), dus-qi (“rob-take”: take by force), gong-qii
(“attack-take”: attack and seize), huan-qi (“exchange-take”: exchange

st. for), ji-qli (“record-take”: bear st. in mind), boi-qii (“win-take”:

3In the Western lexicological tradition, we might imagin them as phonaesthemes, for
example, ‘sl-" in ‘slow’, ‘slur’, ‘slack’; etc. suggests a kind of ‘sluggishness’. However, they
are only faintly suggestive of certain meaning associations.

4This should not be confused with the notion of “block characters”. Conseder the
example: The character O (/kou/,“mouth”) is also a component of a number of other
characters, such as {& (speech), Bk (taste), & (language), # (plentiful), & (state), &
(right)}, to name just a few. The ability of one character to appear in multiple positions
in another character makes it a block character (two dimensional). “block characters”
resemble each other only in shape, so they have a beneficial use in character teaching
and learning. The best explanation of “block characters” can be found in Harbaugh.
(1998). Chinese characters: A genealogy and dictionary. Online version available at
http://zhongwen. com

®These data are taken from Su (1995:191)
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Figure 5.1: Conceptual relatedness of characters: An example of qu

try to gain), qie-qu (“steal-take”: usurp), wang-qu (“unreal-take”:
vainly attempt)..., to name just a few. Figure 5.1 schematizes these

examples.

So in constructing Chinese WordNet, it would be meaningful to utilize
various levels of semantic information encoded in the Chinese writing,
including, but not limited to: components, radicals, roots (in com-

pounds).

Such considerations might offer a starting point for building a seman-
tic network at the character level, which aims to explore the ideosyncratic
knowledge structure of Chinese ideographic writing. But it is important to
note that HanziNet is not proposed as an alternative to the Chinese Word-
Net. It is rather regarded as a kind of complementary knowledge resource
for NLP. In addition, We believe that the construction of such a network will
shed light on the polysemy, morphological compounding, and even idioms as

ways of expressing concepts in Chinese.

6In the 1st Workshop of Foundational Issues in Chinese WordNet Research and Con-
struction, Huang (2002) shares the similar opinion.
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5.2 Chinese Character Network: Some Proposed Mod-
els

This section introduces some possible design ideas proposed in relation to
models of Chinese characters in recent years. These models can be classi-
fied into four groups according to the unit of analysis: morpheme, features,

radicals and characters themselves.

5.2.1 Morpheme-based

Yu et al (1999) reported that a Morpheme Knowledge Base of Modern Chi-
nese according to all Chinese characters in GB2312-80 has been constructed
by the institute of Computational Linguistics of Peking University. This
Morpheme Knowledge Base has been later integrated into the project called
“Grammatical Knowledge Base of Contemporary Chinese”.

It is noted that the “morphemes” adopted in this Database are monosyl-
labic “bound morphemes”. “Free morphemes”, that is, characters which can
be independently used as words, are not included in the Knowledge Base.
Figure 5.2 shows an example. The monosyllabic character #i(/shu/;“comb”)
has two senses. For the verbal sense (“to comb”), it can be used as a word
(also see the example sentence (a)); for the nominal sense (“a comb”), it can

only be used in combining with other morphemes (sentence (b)).

(a). WRHESRE S 1K7?

ni® shu' kuo* ‘tou® fa®  1e° ma®?

YOU COMB PERFECT-PARTICLE ~HAIR PARTICLE ~ QUESTION-PARTICLE?
Have you combed your hair?

(b). £ EBIBHS

zhuo' shang® you®  ba? shulzhi®

TABLE ON HAVE MEASURE TERM COMB

There is a comb on the table.
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Used as words (~free
morpheme)

Sense 1 .58 (v) : comb

il

Used as non-words(~bound
morpheme)

Sense 2 i1 (n): acomb

Figure 5.2: “Bound” and “free” morphemes: An example of comb

5H.2.2 Feature-based

Morioka Tomohiko (2005) has proposed a “Chaon” model which is a funda-
mental part of the open-source CHISE (Character Information Service Envi-
ronment) project conducted by Kyoto University in Japan.”

Chaon model is a character processing model based on character infor-
mation. The main idea in this model of character representation is that,
characters can be represented as character objects, and character objects
are defined by character features. As known, there are various kind of in-
formation related with characters, such as shape structure, phonetic values,
semantic values, code points in various character sets, etc, This model regards
these various things as character features, so each character is represented by
a set of the features it has. Figure 5.3 shows an example of a Venn diagram

of character objects.

5.2.3 Radical Ontology-based

Nowadays, many semantic resources, such as WordNet, EuroWordNet, Cyc

and HowNet, have used a hierarchical structure of language independent con-

"More information about the project and software development tools is available at
http://kanji.zinbun.kyoto-u.ac.jp/projects/chise/

139



Character object

Character feature

Figure 5.3: Venn diagram of characters: Chaon model

cepts to reflect the crucial semantic differences between concepts. This kind
of hierarchy, with details and structure that enables computer to process
its contents, is called ontology. Formally, an ontology consists of a set of
concepts, relations, and axioms that formalize a field of interest.®

With the development of the next-generation World Wide Web - the Se-
mantic Web -, ontology-based approach has become one of the main concern
in the NLP. Building a linguistic resource that bridge intuitive lexical use to
structured knowledge is now one of the current challenges facing computa-
tional linguists (Huang et al 2004).

In this context, Wong and Pals (2001) reported the result of comparing
a selected collection of Chinese radicals and their meanings with TOP-level
Ontology developed in the framework of EuroWordNet 1,2 project (EWN).
In a similar way, Chou and Huang (2005) linked the Chinese radicals to the
Suggested Upper Merged Ontology (SUMO) constructed by the IEEE Standard
Upper Ontology Working Group and maintained at Teknowledge Corpora-

tion.?

8More details about ontological issues will be elaborated in section 5.5

9SUMO and its domain ontologies have formed the largest formal public ontology in
existence today. It is the only formal ontology that has been mapped to all of the WordNet
lexicon. More details can be seen at http://www.ontologyportal.org/
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5.2.4 Hanzi Ontology-based

In comparison with the above approaches, Chu (1998) proposes a “Concep-
tual Hierarchy” (which will be called CBF ontology hereafter), and proposes
that each Hanzi can be associated with the terminal nodes in this ontology.
This approach has been introduced in Chapter 3, and will not be repeated

here.

5.2.5 Remarks

The above-mentioned approaches seize diffirent aspects of Chinese characters.
For the purpose of NLP, they have both advantages and disadvantages. The
Morpheme-based approach is highly linguistically motivated, but it must
risk the difficulties in clearly differentiating free and bound morphemes in
Chinese.!? In addition, due to the lack of an accompanying ontology, the
semantic and conceptual relationship between “morphemes” are not easy to
obtain. The Feature-based approach, with the aim of efficient character en-
coding in the information exchange, suffers the knowledge-poor disadvantage
as well.

The Radicals-Ontology based approach has its advantage over the aboved
two approaches, but the difficulties are not much less. For example, how
many radicals are there? how to decide the meaningful radicals (because
some of the radicals do not give a hint at meaning any more)?... and so
on. As for the Hanzi-Ontology based approach, though with its clearness in
selecting character itself as the basic unit, does not provide a sound explana-
tion concerning with the relation between characters, words, as well as their
roles in understanding the distinction between the concept and meaning, let
alone the discussion of the problem of polysemy, ambiguity and homograph.

In contrast to the above-mentioned individual models, in the following,

I will take a synthesis approache. In the next section, I will propose some

10This will be discussed in Chapter 6.
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theorectical assumptions underlying the construction of HanziNet.

5.3 Theorectical Assumptions

5.3.1 Concepts, Characters and Word Meanings

Before embarking on the theorectical assumptions underlying HanziNet, it is

necessary to address some certain background of the theory.

Chinese Wordhood

In the past few years, there has been a growing interest in the field of lexical
semantics. Linguists and psychologists have been especially interested in the
study of word senses in order to shed light on important aspects of human
communication, such as concept formation and language use. Research in
lexical semantics is rather heterogeneous as far as scope, methods, and results
are concerned, but it shares the same starting point: the word-based perspec-
tive. Central to a natural language processing system is also a word-store, the
lexicon. Under the influence of this theoretical trend, wordhood in Chinese
has thus become an issue of urgency and many studies have ensued.!!

We are not going to fall into a fixed position with regard to speculating
about whether a word constitutes a real or an epiphenomenal construct, nor
about the acquisition of the lexicon. The question we are interested in this
thesis is rather, could we have an explanatory framework for clarifying the

different ways in which concepts are lexicalized in Chinese?

An Integrated Pyramid Model

The model I want to propose here is called the integrated Pyramid Model for

Chinese processing, whose key aspect involves a fusion of natural language

HThere are, of course, contras. The famous Chinese linguist, Shuxiang Lii (1981:45)
had a strong opinions, “..the reason why one cannot find a satisfactory definition for the
Chinese ‘word’ is that there is no such thing in the first place. As a matter of fact, one
does not need the notion ‘word’ in order to discuss Chinese grammar”.
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and conceptual information processing with Hanzi. In other words, it is
aimed at bridging word-based natural language semantics and conceptual
knowledge representation via the HanziNet. Thus, some enriched linguistic
information for NLP tasks might be obtained.

The main underlying assumptions are as follows:

e Concepts and Meanings are different
People translate the real world they perceive into a set of Concepts,
in that there is likely to be considerable agreement over what these
concepts are, even among people speaking different languages. The
Meaning of a linguistic expression overlaps with its Concept to a certain
extent, though not necessarily totally. The main difference lies in the
fact that Concepts are more abstract and prima facie, while Meanings
are mostly determined and used according to the pragmatic, social and

cultural context.!2

Take a more extreme example, though the term
“vegetable” refers to the concept of concrete — natural — plant, it
means also “a person who is regarded as dull, passive, or unresponsive”

in modern English, while in Chinese, it has a meaning for “beginner”.

As seen, due to the fuzzy boundaries between concept and meaning,
though the term conceptual view of meanings might be psychologically
sound, it still seems difficult to implement in the field of computational
linguistics. In surveying the meaning representation styles adopted in
the computational linguistic literature, Paola Velardi et al (1991) found
that many natural language processors implemented adopt one of the
following two meaning types for the lexicon: conceptual (or deep) and

collocative (or superficial), which I quote as follows:

Conceptual meaning Conceptual meaning is the cognitive content of words;

12 As Buitelaar (1998:17) mentioned, though the conceptual level is hard to identify, the
assumption of a conceptual level could help to “liberate” lexical semantics from a formal
semantic harness, that stresses in particular compositionality and looses sight of the wider
association that most lexical items have.
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it can be expressed by features or by primitives: conceptual meaning
is “deep” in that it expresses phenomena that are deeply embedded in
language.

Collocative meaning What is communicated through associations between
words or word classes. Collocative meaning is “superficial” in that it
does not seek “the real sense” of a word, but rather “describes” its
uses in everyday language, or in some subworld language. It provides
more than a simple analysis of co-occurrences, because it attempts an
explanation of word associations in terms of meaning relations between
a lexical item and other items or classes.

Both conceptual (defining) and collocative (syncategorematic) '3 fea-
tures are formally represented in NLP literature using some subjective,
human-produced set of primitives (such as conceptual dependencies,
lexical semantic relations, and conceptual categories) about which there
is no shared agreement at the present time (Paola et al. 1991). How-
ever, collocative meaning can rely on the solid evidence represented by
word associations, It has been proven to be a useful knowledge resource

for many NLP applications, WordNet being an obvious example.

In fact, as Velardi et al (1991) mentioned, the inferential power of
collocative meaning representation is lower than that for conceptual
meaning, because it does not account for many important aspects of
human communication. However, due to the lack of trager, “concep-
tual meanings” are difficult to trace, construct and verify, and seems

destined to remain in the area of subjective conjecture.

e Characters are relatively objective cues to concepts
It is rarely asserted that “conceptual information” — the information
about objects and events in the world — can be measured directly from
linguistic expressions. But as introduced previously, unlike most natu-
ral languages, the Chinese language displays a considerable amount of

semantic information at the character level. Based on the comparison of

3 The better term would be “relational” here.
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this distinctive feature of Chinese radicals and WordNet/EuroWordNet
Top Ontology, Wong and Pala (2001;2002) also suggests that the sys-
tem of Chinese characters might contain a rich but concise system of

inter-related concepts.

So here it will be assumed that in Chinese, basic conceptual informa-
tion are implicitly encoded in its characters. This means that, we can
interpret the set of Hanzi as a set of concept primitives.'* In other
words, characters ~ the core and original meaning units. When a char-
acter is used as a monosyllabic word, or as a part of a disyllabic word,
the meaning - though mostly overlapping with its concept -, often leads
to ambiguity and polysemy while using it in different contexts after a
long period of time. For example, according to the most classical ety-
mology dictionary L% (Shuo-Wen-Jie-Zi), the character # (/ju/)
carries the core meaning of “lift up”, but in modern Chinese, it has
many derived meaning facets while combining with other characters,
such as ##e (/ji-qi/, “hold up”), B#A (/ju-téu/, “face upwards”),
A (/tai-ju/, “recommend someone” ) and #H (/jian-ju/, “report to the

authorities”).

e Characters are interface of concepts and word senses
The “concept signals” are to be filtered and fused - by being processed
through many layers of computation - before they can be detected
and associated with word semantics. Figure 5.4 shows a schematic
diagram of the proposed model. These networks have several levels of
structural organization, each with a distinct scale. From the top down,
the first layer structure is concept chaos, the second layer is a tree-
like Hanzi-driven TOP level Ontology,'® and the bottom layer is the

long-range highly-correlated random acyclic graphic structure of the

M“However, the “homograph” problem is not to be escaped. This will be discussed later.
5For technical reasons, the tree-like structure is not clearly depicted in Figure 5.4.
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Characters level
(HanziNet)

Figure 5.4: The pyramid structure model

word-based semantic network. Each of these layers is characterized

by its properties of the networks.'¢

Figure 5.5 schematizes further the different representations of the middle
and bottom layers. In Aitchison’s (2003) terms, for the character level, we
take an “atomic globule” network viewpoint, where the characters - realized
as core concept units - which share similar conceptual information, cluster
together (as do the clouds in Figure 5.5). The relationships between these
concept units form a tree with 2"(n = 1,2, 3,5, 8) branches. Characters are
thus assigned to the leaves of the tree in terms of an assemblage of binary
bits. For the word level, we take the “cobweb” viewpoint, as words -built
up from a pool of characters- are connected to each other through semantic

relations. In such case, the network does not form a tree structure but a

16The network model I propose here corresponds to findings from other disciplines, e.g.
Dorogovtsev and Mendes (2003) has came to a similar conclusion from the view point of
statistic physics.
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Figure 5.5: Character-based concept tree and word-based semantic clouds
more complex, acyclic structure (DAG).

5.3.2  Original Meaning, Polysemy and Homograph

In designing a conceptual network based on Chinese characters, one might
hasten to doubt that even we have a list of “conceptual primitives” repre-
sented by Hanzi, it is hardly sufficient in itself, because Chinese characters, no
matter they function as free or bound morphemes in Chinese words, can not
keep away from the problems of ambiguity. And the notion of “conceptual
primitives” seems to contradict the “ambiguity”.

The polysemous phenomena of characters can be traced back to their
historical development. In traditional Chinese scriptology, meanings of char-
acters were classified into two types: original and derivational meanings.
Derivational meanings of a character are systematically related centered on
the original (or prototypic) meaning. Until now, some researchers argue that
such framework still holds in modern Chinese. In terms of lexicology, for
every character currently used, we could find its systematic polysemy, where
senses are systematically related and therefore predictable over classes of

lexical items.!?

1Tt is fundamentally different from homonymy where senses are unrelated, non-
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However, on closer inspection of many classical and modern dictionaries,
I found that many modern usages of Chinese characters, though they might
be provided with refined etymological intepretation, are still difficult to be
linked together around a single core meaning. In order to make HanziNet
more applicable rather than just a historical semantic record, the shallow
syntactic tags (mainly nominal and verbal) are thus used to resolve this
problem, which results in that characters with different syntactic tags will
be considered as having different concepts.

Another important distinction is concerned with homograph. A homo-
graph is defined here as a character that has the same shape as another char-
acter. Homographs differ from each other in meaning and pronunciation. For
example, the characters #F(/jiang/, “be going to”) and #F (/jiang/, “general”),
which have the same shape but differ in pronunciation and meaning. Homo-
graphs will be treated as different characters.

Based on these consideration, I will take a position which accords with
the traditional Chinese scriptology, and meanwhile, tries to preserve harmony
with Chinese WordNet of any form. Table 5.2 illustrates an example of &
Due to the homograph, two character entries for g are listed. And due to
the different syntactical behaviour, two concepts are defined for the first .
The concept of character § with syntactical tag N is “gathering”. It is the
“original” meaning which is disseminated when character 4 combines with
other characters.

It is noted that only the first four columns will be discussed within the

framework of HanziNet.

systematic and therefore not predictable. On the theorectical development of polysemy,
cf. Buitelaar (1998) and Pethd (2001).
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| char. | pron. | syn. | concept | (word) meaning

hui \Y be able to | & (unable)

L= hui N gathering | & (assemble); g (metropolis); F & (meeting)

€, |kual | N accounting | &3t (accounting)

Table 5.2: An example of hui

5.3.3 Hanzi Meaning Components as Partial Common-Sense
Knowledge Indicators

As the title of this Chapter indicates, the HanziNet proposed here is an

18 By this we do not

enriched conceptual network of Chinese characters.
intend to design a system with higher numbers of relations, but consider
also the “common-sense knowledge” within Hanzi as briefly mentioned in
previous Chapters.

The notion of “common-sense knowledge” is very difficult to pinpoint
exactly, and frequently means different things to different people. In prin-
ciple, the term describes beliefs or propositions that seem, to most people,
to be prudent and of sound judgement, without dependending on esoteric
knowledge (definition taken from WIKIPEDIA). For example, we (even as
children) know that a “fish” is an animal with a certain similar form, which
lives in the sea.

In some cases, “concept”, “commonsense knowledge”, “sense” and “do-
main knowledge” can be roghly differentiated. Take X /huo/ (fire) for ex-
ample, its concept (conceptual meaning) might be a objective-concrete-
natural things-...; People’s commonsense knowlege of it might be sub-
stance with properties of hot, untouchable, bright...; while its senses facets in
words varies in diffirent context, such as Bk (‘close-fire’, turn off the stove’),
KJE (‘fire-explode’, fiery), K& (‘fire-gas’, temper). &K (‘provoke-fire’, stroke the

wrong way).... its (chemical) domain knowledge could be: A form of energy

18In fact, it can also be called an enriched semantic network as other researches did. It
just depends on the angle you see this knowledge source.
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associated with the motion of atoms or molecules and capable of being transmitted
through solid and fluid media by conduction, through fluid media by convection,
and through empty space by radiation.

But in most cases, “common-sense knowledge” (CSK, hereafter) overlaps
with “concept”. They both span a huge portion of human experience, en-
compassing knowledge about the physical, social, temporal, spatial and psy-
chological aspects of our everyday life. But, in a strict sense, CSK is largely
defeasible, context-sensitive and more flat and semi-structured in its formal
property (Liu and Singh 2004). As a result, it is more difficult to seize by
computer due to the property of fuzziness. Nonetheless, much efforts have
been made to show that CSK is an indispensable component in a Natural
Language Understanding system.!?

It is widely believed that Chinese characters, especially their semantic
components (called the “radicals” or “character heads”) carry abundant CSK
information. By way of CSK factoring via character components, i.e. the
process of semantically analyzing character components into a collection of
features proposed by Chu (1998), we found that there are a number of CSK
features that are implicitly expressed by the character semantic components.

In the following, some examples are shown. The first column consists
of examples of the character semantic components, and the second colume
lists their respective CSK feature representations and glosses. I use capital
letters to represent these “CSK features”, subscript numbers for the sub-
classification. For example, A is the category of (LUMINOUS SOURCE),
B:(TEMPERATURE), C:(SHAPE), D(QUALITY), E:(COLOR), I:(ORGANIC
ORGANIZATION), J:(SUBSTANCE), L:(FUNCTION), M:(SPACE) and so

19Currently, there are some on-going projects which attempt to construct a basis of CSK
for AI systems. For example, Cyc (http://www.cyc.com). The MIT Media Lab has also
embarked on an effort to give comupters “common sense”, the capacity to understand and
reason about the world as intimately as people do. Please refer to Commonsense Computing
@ Media at http://csc.media.mit.edu/
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on.?’ A, stands for strong light, A, for weak light, As for glisten.... and so

on.
H A1 B,C5J1 K
A A9 By J1 Ko
H CyDyEyJs Lo
i C1Cy
B C3Dq 15 M,
CyCsEalg My

Formally, conjunctions of these CSK features with Character semantic
components (mainly CH) generate a lattice hierarchy, which can be formal-
ized using the FCA method discussed earlier (Figure 5.6). In many cases,
characters in the same “cloud” in Figure 5.5 could be further differentiated
by the CSK features carried by the character semantic components. Table 5.3
shows a set of characters with similar conceptual information, which can be
further classified using their CSK codes. That is, conceptual code and seman-
tic code of a Hanzi might be regarded as necessary and sufficient conditions
of the understanding of it. The former are used to identify a type of concept
and the latter are used to distinguish the instance from other instances in

the same set of concept type.

The caveat at this point should be carefully formulated, due to the re-
stricted (or partial) expressive power of HanziNet in representing CSK. The
CSK which Hanzi indicates is primitives-based rather than relation-based.
Therefore, CSK such as “Birds can fly” or “Magpies are birds” can be indi-
cated via Hanzi, but for cases like “If you drop an object, it will fall”, or “If
you forget someone’s birthday, they may be unhappy with you”, Hanzi can

not say anything of it.!

20 A more detailed list will be given in the Appendix.
21 This deficiency could be remedied by integrating relation-based common-sense knowl-
edge base such as ConceptNet (http://web.media.mit.edu/ hugo/conceptnet/).
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‘ Characters with similar concepts ‘ Concept code ‘ CSK code

# (speak) 11101000 (§) CsH1HsL,
%E (be called) 11101000 (%) 08H1H5L1
# (explain) 11101000 (8) CsH1H5L,
#F (inform) 11101000 | (§) CsH1H5L,
% (tell) 11101000 | (K1) HyHsl;

i (state) 11101000 | (L) F31,

i (chatter) 11101000 (L) F3Ly

Tahle 5.3 Concent. differentiation via COSK

'

SRt

s N U ow |
L HG=Oi—0 s T

Figure 5.6: A common-sense knowledge lattice

To sum up, the fundamental suggestion of the present proposal is to
treat the set of characters as a coupling interface, a conceptual mediator and
a commonsense knowledge indicator as well. The coupling of these layers
constitutes a picture of Chinese natural language understanding. To make
this proposal a bit more tangible, the remainder of this chapter is devoted

to the architecture and its actual implementation.

5.4 Architecture

5.4.1 Basic Design Issues: Comparing Different Large-Scale
Lexical Semantic Resources

The HanziNet we have proposed here is an enriched conceptual network. In

the expression conceptual network, the adjectives “enriched” and “concep-
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tual” are to be understood in the sense proposed in previous discussions. It is
developed as a system combining the design of a character data dictionary
and a character-driven Top-Level-Ontology.?

In order to elaborate on the proposal, this subsection spells out the de-
sign ideas of HanziNet, by comparing two main large-scale lexical resources:
WordNet and Roget's Thesaurus (Roget’s International Thesaurus, 4rd Edi-
tion, 1977).

WordNet has already been introduced, so we will skip to the second re-
source. A Thesaurus is a hierarchical representation of a lexicon, in which
words are arranged according to their semantic similarity. There have been
attempts to construct semantic thesaurus, among which the Roget's The-
saurus is a representative one. Roget's Thesaurus has been described as a
synonym dictionary, but it is different from other alphabetically organized
synonym dictionaries in that other dictionaries lack the hierarchical con-
ceptual organization of Roget's Thesaurus. Paul Mark Roget intended his
thesaurus as a classification of words by the ideas they express, and as such,
it has been described as a conceptual hierarchy (Old 2003:15).

Though in contrast with WordNet and Roger’s Thesaurus, the construction
of lexical knowledge resource in terms of Chinese characters does not depend
on a vast computational infrastructure, the design of the HanziNet raised a
whole new raft of issues in the early stages of development. In the following,

I will focus on three issues:
e How should the HanziNet be constructed? By hand or automatically?

The experience of WordNet or some other lexical knowledge resources has
shown that, the construction of a generic semantic resource is not a trivial

task. In particular, the construction of an ontology is also a very expensive

22«Character-driven” here means that this ontology is constructed based on the induc-
tion and introspection of the cocnceptual information carried by Chinese characters. More
details on the ontology design will be discussed in section 5.5, and all data will be made
available in the Weblog http://www.hanzinet.org.
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and time-consuming undertaking. Considering the limited manpower and
time, a few freely available dictionaries such as Cedit,?* Unicode UniHan fiels,?*
Free Chinese dictionary®® and CBF Hanzi dictionary?® have been taken over as
the prototype character dictionary in the HanziNet, so we don’t have to build
it from scratch. However, many specific changes have been made to the
design of the database. For the moment, the database contains about 5600
characters, covering the most used characters in modern Chinese. As for
the ontology construction, I take a bootstrapping strategy, which will be

discussed later.
e What kind of information should the HanziNet contain?

Chinese characters have a history of over 5,000 years. Each character con-
stitutes a synchronic small network with diachronic cultural-historical back-
ground.

In practice, what should be encoded in a character-stored lexicon depends
largely upon the aim of applications. For the purpose of ontology-based NLP,
the set of characters is seen in HanziNet mainly as the embodiment of a tree-
like structure configuration of conceptual information.

In comparison, a crucial difference between WordNet and HanziNet rests
with the information content represented by the nodes of network. A synset,
or synonym set in WordNet contains a group of words,?” and each of which is
synonymous with the other words in the same synset. In WordNet’s design,
each synset can be viewed as a concept in a taxonomy, While in HanziNet, we
are seeking to align Hanzi which share a given putatively primitive meaning,

so a new term conset (concept set) is proposed. A conset contains a group

Znttp://www.mandarintools.com/cedit

Znttp://www.unicode.org

2http://home.swipnet.se/ " w-123680/

26http://www.cbflabs.com/book/dic/hanzijiyin2/a0.htm

2"To put it exactly, it contains a group of lexical units, which can be words or colloca-
tions.
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of Chinese characters similar in concept,?® and each of which shares with
similar conceptual information with the other characters in the same conset.

As discussed earlier, we would tend to think of a concept as information,
measurable in bits. So “characters similar in concept” in this context means
that characters that are in the same conset, i.e., characters that have the
same conceptual code based on the conceptual hierarchy (ontology). For
instance, #. (speak), # (chatter), B (say), = (say), & (tell), # (inform), #
(explain), # (narrate), 3 (be called), # (state), these characters are assigned
to the same conset with the binary code 11101000. For every conset, short
definitions are also provided.

In WordNet, words typically participate in several synsets. In Hanzi-
Net, characters can also participate in several consets (please refer to section
5.3.2); WordNet distinguishes syntactic categories between nouns, verbs, ad-
jectives and adverbs on the assumption that these are stored differently in
the human brain. For HanziNet, only shallow syntactical information are pro-
vided. In addition, WordNet does not include information about etymology,

while HanziNet does.
e How should the contents be organized and made accessible?

At this point, a discussion of the differences between ¥4 (character dictio-

nary, glyphography) and 3 (conventional dictionary, lexicography).?® within

28In fact, in addition to individual character, it also contains and a few dissyllabic
morphemes collected by Sproat (2000:149-150). In general, these dissyllabic morphemes
are not listed as a entry in normal dictionaries. I quote Sproat’s explanation : *
the reason for the relative neglect of dissyllabic morphemes comes from the fact that
traditional Chinese dictionaries are organized around monosyllabic characters, not around
words or morphemes. Since meanings are traditionally listed in the dictionary as entries
for these characters, this obscures the fact that many characters are in fact meaningless
unless combined with a specific second character”.

29Due to the mixed structure of its writing system, contemporary Japanese culture fa-
vors the separation between character dictionaries and conventional dictionaries. Conven-
tional Japanese dictionaries are structured the same way as those of European languages,
and deal with lexical meanings, maximizing the quality of semantic analyses. While in
character dictionaries (usually called Kanji dictionaries,) Kanji entries contain mainly the
meanings of the morpheme.

ceey
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the context of Chinese lexicography would seem to be helpful.

In both kinds of dictionaries, the collection of information associated
with an item, that is, the item itself and its linguistic specification, is re-
ferred to as a lexical entry. But the arrangement of the lexical entry differs.
Conventional dictionary contains an alphabetical list of words, with ortho-
graphic and linguistic information given for each word, usually including its
meaning, pronunciation, modern usage, etymology and so on. A character
dictionary, in contrast, contains lists of characters in a non-alphabetical or-
der (usually arranged by radical) , with the similar information as provided
in the conventional dictionary.

For instance, in the great KangXi character dictionary, which was com-
plied in 1716, there were around 48,000 characters alloted to one of the 214
radicals. The characters assigned to a radical are listed under it in ascend-
ing order according to the number of residual strokes. This method, with
some minor modifications, is still used in many traditional Chinese character
dictionary and in Japanese Kanji Dictionaries as well.?® Since HanziNet is
designed to be a conceptual network, the characters are ordered according to
the conset they belong, instead of ordered according to the KangXi Radicals.

In order to be able to efficiently access the lexical information, WordNet
provides an interface which is able to deduce the root form of a word from the
user’s input, for only the root form is stored in the database. In HanziNet,
only characters, which are not necessarily words, are stored, and all of them
are equipped with Canglié code, so the Canglié input method is the most
efficient access to the HanziNet.3!

However, within the field of NLP, lexical entries have evolved from sim-

ple pairings of phonological forms with grammatical categories into elaborate

30However, there is a trend in modern Chinese lexicographical practice, which indicates
that the distinction between these two kinds of dictionary compilation is no longer rigid.
A conventional dictionary contains a hybrid structure of a character dictionary and an
ordinary dictionary.

31For the reason of this consideration, please consult Chapter 3.
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Table 5.4: A comparison of explicit structure of different lexical resources

‘ Word association ‘ Ord. Dictionary ‘ Thesaurus ‘ Char. Dictionary ‘

Word A Word A Sense 1 Character 1
- Word B - Sense 1 - Word A - Word A
- Word C - Sense 2 - Word B - Word B
- Word D - Sense 3 - Word C - Word C

Word B Word B Sense 2 Character 2
- Word D - Sense 2 - Word A - Word D
- Word C - Sense 5 - Word D - Word E
- Word E - Sense 6 - Word G - Word F

information structures, usually formatted in some knowledge representation
formalisms in favor of being manipulated by a computer. However, if we look
at the representation techniques involved and the content of the representa-
tions, numerous dissimilarities emerge (Handke 1995:50). For instance, the
organizational structures of the various current lexical resources differ enor-
mously. Based on Old (2003), I will inspect these organizational structures
both from explicit and implicit perspectives. Table 5.4 shows the comparison
of explicit structures between word association, ordinary dictionary, Roget’s
Thesaurus, and character dictionary.

Figure 5.7 shows the explicit structure of HanziNet. From the perspective
of explicit organization structure, the main difference between traditional
character dictionary and HanziNet lies in that the latter re-organizes the
characters by inserting them in the level between conceptual level and word
level, which is in accordance with the pyramid model proposed before.

The organization principles from implicit perspective might not be clear
at a glance. Over the years, though several lexical databases have been
developed, these databases differ in their detailed organisation of conceptual
and lexical knowledge.

Roget's Thesaurus’s (hereafter, RT) organizational structure is a classifi-
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—— Concept 1 (conset 1)

Character 1

Character 2

L—— Concept 2 (conset 2)

Figure 5.7: The explicit structure of HanziNet

cation tree, or conceptual hierarchy. It contains a six-level classification, and
at the lowest level, words are grouped that are either synonymous with each
other or closely related according to some semantic field, such as animals or
food items. Because of polysemy, many words occur multiple times in the
thesaurus.

In contrast to RT, the synonym sets in WordNet occur at all levels of the
hierarchy, not just at the bottom. It should be noted that the hyponymy
hierarchy is only one relational structure in WordNet. Not all of the other
relations in WordNet are hierarchical.

Similar to RT, HanziNet presumes a tree-like conceptual hierarchy as the
organizing structure, in which each leaf node stands for a concept cluster
(called conset), while each internal node represents a concept class, and dom-
ination stands for set inclusion. It is noted that, in HanziNet, the conceptual
hierarchy is a rooted branching tree-like structure, where the top node is
different from that (those) of WordNet and RT. Traditionally, top nodes have
been entities, properties and relations. However, in some cases, the number
of top nodes may increase and thus differ. For example, WordNet uses 11 top
nodes and does not include relations among them. In HanziNet, the top node
is presumed to be the universal type (drawn as T), which has no differentiae.

The following figure shows a comparison of the implicit organizing structure
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of Roget's Thesaurus, WordNet and HanziNet.

synse synset synset synset
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conset conset conset conset

5.4.2 Components

In light of the previous discussion, this subsection attempts to further clarify
the building blocks of the HanziNet system, with the goal to arrive at a work-
ing model which will serve as a framework for experiments in the following
chapter. Breifly, HanziNet is consisted of two main parts: a character-stored

machine-readable lexicon and a top-level character ontology.
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Character-stored Lexicon

One of the core component of HanziNet is a character-stored machine read-
able lexicon, which provides essential information on the characters of Chi-
nese. The current lexicon contains over 5000 characters, and 30,000 derived
words in total. Since this lexicon aims at establishing an knowledge resource
for modern Chinese NLP, characters and words are mostly extracted from
the Academia Sinica Balanced Corpus of Modern Chinese,? those characters
and words which have probably only appeared in classical literary works,
(considered ghost words in the lexicography), will be discarded.

In the following, the building of the lexical specification of the entries in

HanziNet will be introduced:

1. Conceptual code(s)

2. Common-sense knowledge code
3. Shallow parts of speech

4. Gloss of original meaning

5. List of combined words

6. Further aspects such as character types and cognates

(1) Conceptual Code(s)

The conceptual code is the core part of the MRD lexicon in HanziNet. Con-
cepts in HanziNet are indicated by means of a label (conset name) with a code
form. In Chapter 4, we concluded that in order to increase the efficiency, an
ideal strategy is to adopt the Huffmann-coding-like method, by encoding the
conceptual structure of Hanzi as a pattern of bits set within a bit string.
The coding thus refers to the assignment of code sequences to an character.

The sequence of edges from the root to any character yields the code for

32http:/ /www.sinica.edu.tw/SinicaCorpus/
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that character, and the number of bits varies from one character to another.
Currently, for each conset (309 in total) there are 10 characters assigned on
the average.

(2) Common-Sense Knowledge Code (of CSH, CSM)

As discussed in subsection 5.3.3, CSK Code denotes the common sense knowl-
edge expressed by the semantic components of Hanzi. It has to be admitted
that choosing the most basic semantic components is a rather subjective task.
Traditionally, the set of head components is approximatly a maximum of 214
items.?3 In this study, I propose a new notion of the semantic component of

characters based on the following assumptions:

e Every individual character is composed of two components (as proposed
by Chu), but unlike Chu’s decomposition scheme, in HanziNet, the com-
ponent which is more representative in indicating common-sense knowl-
edge than other component, is called the Chararcter Semantic Head
(CSH), while the component which is less representative in indicating
CSK, but often contributes to the meaning construction of the given
character, is called Character Semantic Modifier.?* The decision of
CSH and CSM is based on their semantic functions in a given charac-
ter, so a character component can be regarded as CSH in one character,
but as CSM in another character. For example, the component “K” i
(water) is a very commonly used CSH and appears in #. & #. it ..,

yet functions as CSM in .

e The notion of CSH is different from the traditional notion of “radicals”.

These two sets are not the same but overlap. For example, the CSH %

33The English theologist Joshua Marshman, 1700 years after Xu Shen died, extracted
1689 ”primitive” components among 43,496 characters; Chalmers (1911) gave an account
of the structure of Chinese characters under 300 primacy forms; Wieger (1940) proposed
that there are 224 primitives; Wang (1983:77) even asserted that, “in any event, there
cannot be more than 350 radicals”. See Stalph (1989:34,46).

34The only exception are the so-called pictographs (e.g. X), which are themselves both
CSH and CSM. But the number of CSH is very limited.
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is not a “radical”, and the “radical” — is not CSH.

The determination of CSH for every character in HanziNet is based on
cross-references from many different resources: Gu et al (2003), Chu (2003),
Ann (1982) and other Chinese etymology dictionaries such as Shuo Wén Jié
Zi. For every CSH, a set of CSK features are assigned. In addition, the loca-
tion (TOPO) information of CSH and CSM within a character is also given
(see Figure 2.1).

(3) Shallow parts of speech (mainly Nominal(N) and Verbal(V) tags)

After the heated debate in the fifties and the subsequent inconclusive dis-
cussions, there is still no prevalent consensus about the criteria for assigning
syntactic information to a given character in Chinese. HanziNet provides
only shallow syntactic information associated with an entry. The reason was

discussed in 5.3.2.

(4) Gloss of original meaning
For every character in HanziNet, a short gloss of the original meaning of char-

acter is given.

(5) Cognates
The term “cognate” here is defined as characters that share the same CSH
or CSM.

(6) Character types
According to ancient study, characters can be compartmentalized into six
groups based on the six classical principles of character construction. Char-

acter type here means which group the character belongs to.

e Constraint-based Formalism
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NS ch||RIME
pHON  |svL |°F© <[O SC][ a”]> X
TONE 2

_CAT noun
SYNSEM SEM cicada 2]

ORTH {%ﬁl}

Table 5.5: An AVM specification of character “chan” proposed by Sproat

In order to define more precisely what we mean by an orthographic object
(characters) representing both linguistic and knowledge information, let’s
have a closer look at an example entry within constraint-based formalism.3?

In Sproat’s (Sproat 2000:9-12) design, orthography fits into an AVM by
simply assuming another attribute ORTH, with an unordered list of objects
as its values, which are indicated by the standard curly-brace notation for
sets. In addition, he presents licensing using numerical coindexation, where
the index of the licenser is marked with an asterisk . In what he considered
partly logographic writing systems such as Chinese, he proposes that part of
a complex glyph may be licensed by a portion of the SYNSEM part of the
representation. Table 5.5 shows an AVM for the character [#] (chdn, cicada),
where the INSECT component # (the left-hand portion of the character) is
the so-called semantic radical, and the right-hand component, & chan, cues
the pronunciation. In this AVM, the INSECT portion is licensed by the SEM
entry, and the phonological portion is licensed by the syllable.

Modeled on Sproat’s specification for the representation of character infor-

35This formalism became popular in the last decade in the area of grammar formalism,
and is probably the most common form of knowledge representation used in NLP systems.
It uses the kind of data structure termed feature structure for modelling linguistic entities
such as words, phrases and sentences, and allows for structure sharing via co-references
and a uniform representation of different levels of linguistic knowledge. Since feature
structures are technically difficult to display, linguists usually opt for a kind of feature
structure called an AVM (Attribute Value Matrix) instead.
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[CONSET 10111F
{
CSK H.H,
CSH 'TOPO 000 }
K
CSK DsJsLs
CSM 'TOPO 001 }
[SYN \%
SYNSEM SEM N }
CSH (&, 1=, ...)
NATE \
co6 <CSM (k. 1, ok >>
GIOSS MRBERSHIAR, 18 1E BB o (rest)
CHARACTER TYPES &+ (picto-phonetic principle)

Table 5.6: An example entry for the character “4k” (/xiu/, rest).

mation, Table 5.6 shows an example from HanziNet.

Top-level Ontology

It has been widely recognised that effective lexicons cannot contain only flat
lists of words. They must contain conceptual hierarchies that facilitate in-
duction and generalization. Most current large-scale lexical resources use
some basic language-independent basic Top Concepts to reflect fundamental
semantic distinctions, and a set of hierarchically related Top Concepts called
Top-level Ontology (or Upper ontology). For example, in WordNet, the hy-
pernym / hypomy relationships among its noun synsets can be used as an
ontology; EuroWordNet 1.2 is also enriched with the Top Ontology and the
set of Base Concepts (Vossen 1998).

Hence for HanziNet, we have also developed a top-level ontology. We took
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a bootstrapping approach by adopting the CBF Ontology as backbone (to the
level 4), and refer to other ontologies (RT, SUMO, Cyc etc)® It contains 309
basic Top concept types nodes with labels described in Chinese. Every basic
Top concept type is defined as a set of consets with the same conceptual
code in binary form. They are related mainly through an IS-A relation.
All Chinese characters, including the dissyllabic morphemes and borrowed
polysyllabic morphemes discussed in Section 2.2.2, are assigned to at least

one of these basic consets as well.
e A Set of Binary Relations

In designing a lexical database, there are some widely used paradigmatic
sense relations that hold between lexical units, such as hyponymy, synonymy
and antonymy.37

Hyponymy, also called inclusion, defines a relationship between a more
and a less general term, where the meaning of the more general term is
totally included within the meaning of the less general term. Complex hier-
archies can be established on the basis of hyponymy relations. In contrast to
hyponymy, the relationship of meaning inclusion is called synonymy, and de-
fines a relationship of sameness (or betterr: similarity) of meaning. The third
sense relation, antonymy, is normally defined as “oppositeness of meaning”,
which is often referred to as the opposite of synonymy.

It is now recognized that theoretically, and for practical applications as
well, that no sense relation can be said to be totally without significance.
For instance, in WordNet, every synset is connected to other synsets via a
number of semantic relations, and these relations vary based on the type of
word. WordNet has 15 semantic relations, the most important of which is

synonymy.

36 A more detailed discussion of Hanzi-derived “ontology” will be given in the next
section. The complete HanziNet ontology is listed in appexdix.

37 Another well-known disputed sense relation is “meronymy”, which establishes so-called
part-whole relationships.
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Virtually any number and type of conceptual relation can be singled out
and declared as required for any particular need. Accordingly, any complex
relation may be introduced, for example, cause, property, quality, states, etc.
But, as will be explained in the next section, enlarging the number of relations
may enrich the ontology but it also makes it difficult to maintain consistency.
So, in selecting relationships for HanziNet ontology, I use “simple monotonic
inheritance”, which means that each node inherits properties only from a
single ancestor, and the inherited value cannot be overwritten at any point of
the ontology. To put it simply, the basic conceptual relations allowed in the
ontology is mainly the “IS-A” relation. The decision to keep the relations to
one single parent was made in order to guarantee that the structure would
be able to grow indefinitely and still be manageable, i.e. that the transitive
quality of the relations between the nodes would not degenerate with size.
Moreover, though the meaning of a word is reflected in its contextual rela-
tions,® it is noted that we are not dealing with the meaning of a word, but the
concept information of a character. Therefore, in HanziNet, we restrict the
links to other characters to simple relations. Explicitly, HanziNet includes
only the taxonomical relation (hyponymy-hypernymy) between characters,
“synonymy”, one relation between consets, and the hypernym relation. That

is,

e “synonyms”: conset

hypernyms: Y is a hypernym of X if every X is a (kind of) Y.

e hyponyms: Y is a hyponym of X if every Y is a (kind of) X.

coordinate terms: Y is a coordinate term of X if X and Y share a

common hypernym.

38Dong, the creator of HowNet, has put it metaphorically: ‘relation is the soul of mean-

ing’.
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To sum up, Figure 5.8 schematizes the whole architecture of proposed

HanziNet.

5.5 Issues in Hanzi Ontology Development

Ontologies, which are now commonly accepted as an explicit specification
of a conceptualization (Gruber 1995), have been recognized as important
components of linguistic and knowledge processing systems during the last
few years. As proposed, Hanzi ontology constitutes a core part in the design
of HanziNet. This section discusses some issues faced in designing Hanzi

ontology.

5.5.1 What is an Ontology : A General Introduction from Dif-
ferent Perspectives

Over the years, ontologies have been used in the modelling of problems and

domains. Sowa (2000:292) defines the word “ontology” as follows:

“The subject of ontology is the study of the categories of things that
exist or may exist in some domain. The product of such a study, called
an ontology, is a catalog of the types of things that are assumed to
exist in a domain of interest D from the perspective of a person who

uses a language £ for the purpose of talking about D ”.

In the usage of information processing, we may take ontology to be a
shared understanding of terminology within some domain of interest, based
on conceptualization of domain entities and relations between them. And
what is then conceptualization? Genesereth and Nilsson (1987) define con-

ceptualization as:

“A body of formally represented knowledge is based on a conceptual-

ization: the objects, concepts, and other entities that are assumed to
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Figure 5.8: The complete architecture of HanziNet
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exist in some area of interest and the relationships that hold among

them”.

Gruber (1993) extends this definition and gives a pragmatic definition of

an ontology:

“A conceptualization is an abstract, simplified view of the world that
we wish to represent for some purpose. Every knowledge base, knowledge-
based system, or knowledge-level agent is committed to some concep-
tualization, explicitly or implicitly. Ontology is an explicit specifica-

tion of a conceptualization.”

This quotation points out the widely accepted definition of “ontology” in the
NLP and Al-relevant field. In fact, studies of ontologies have been made
from a highly interdisciplinary perspective. There are different traditions
concerning the studies of ontologies.?”

Historically, the term “ontology” originates from Greek philosophy, and
was used to refer to a systematic account of existence. Ontology in the
Aristotelian philosophical sense, is referred to as a particular system of cat-
egories accounting for a certain vision of the world, such as a classification
of species on the basis of their genus and differentiae. The genus is the cat-
egory to which something belongs, and the differentiae are the properties
that uniquely distinguish the category members from their parent and from
one another. Such methods of definition can derive a taxonomic hierarchy
of classes.

In the AI tradition, ontology has been understood as a way of differentiat-

ing between knowledge representation schemes and the content of knowledge

39The following discussion follows the line of Vossen (2003).

4Tn contrast to traditional taxonomy, recent formal concept hierarchies have become
more complex. The main difference lies in the fact that while they both describe a structure
of knowledge using concepts and relations, taxonomies represent only one perspective,
namely, the subsumption relation is transitive. In the design of modern ontology, a tangled
network model (e.g. lattice) instead of tree structure, has been proposed.
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representation. In general, we might say that knowledge representation ad-
dresses how something is described, while an ontology is used to express what
exactly is being described. Knowledge is defined with a focus on functional-
ity and reasoning of machines (comparable to the discipline of epistemology
in philosophy, which refers to the study of nature and sources of knowledge),
while ontology represents the modelling view of knowledge representation.

In the field of NLP, there is also a tendency towards ontology-based sur-
veys. Recently, a number of works in the area of language engineering have
aimed at developing systems of basic semantic categories( often called upper-
level ontology or TOP ontology),*' to be used as main organizational back-
bones, suitable for imposing a structure on large lexical repositories.

In lexical semantics, ontologies have been adopted as the categorization
of words in a lexicon.”? Vossen (2003) distinguishes between two main ap-

proaches in the linguistic tradition:

e Semantic features or meaning components: In this feature approach,
words are associated with a limited number of semantic features, which
are then used to describe certain linguistic structures or behavior (e.g.

CORELEX, DELIS, MikroKosmos, etc.)

e Lexical semantic network: In this approach, words meanings are defined

in terms of relations to each other, without any reference to our cogni-

4 According to Guarino (1998a), it is more convenient to agree on a single TOP ontology
instead of relying on agreements based on the intersection of different ontologies. The same
considerations suggest the opportunity to develop different kinds of ontologies according to
their generality, and to define new ontologies in terms of existing, higher-level ontologies.
In addition to the TOP-ontology, which describes generic concepts that are independent
of a particular language, he also mentioned the type of domain or task-specific ontologies,
which describes concepts related to a generic domain or task, by means of terms specified
in the T'OP-ontology; and the type of application ontologies, which describes concepts
depending both on particular domain and task, which are often specializations of the
corresponding ontologies.

42Vossen (2003) made a distinction between lexicon and ontology: Whenever we store
information to make common-sense-like inferences, we tend to speak of an ontology or
knowledge base. Whenever the stored information is more of a linguistic nature, such as
part of speech, we tend to speak of a lexicon as part of a linguistic theory.
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tive understanding and reasoning (e.g. WordNet, EuroWordNet, etc).

In the linguistic tradition, ontologies are regarded as artificial constructs
built with the primary purpose of serving as lexical databases for knowledge
representation systems.

To sum up, in the context of language and information processing we are
concerned with here, ontology can be described as an inventory of concepts,
their definitions, as well as a specification of the relationships between them,
e.g. inheritance. But it has also become apparent that, there is no clear-cut
definition for what an Ontology is.*> As Ferndndez et al.(1997) stated that,
ontological engineering is a craft, rather than a science. In the following, we
will discuss some problems with respect to the design of an ontology, and

how a HanziNet Ontology can circumvent them.

5.5.2 Designing a Hanzi-grounded Ontology
ISA overloading

Though there is no common, a priori agreement on how to build an ontology,
in principle, all ontologies are centered on a classification scheme, which is
based on a partial ordering relation named in various ways, such as the IS-A
relation (ISA), subsumption, or hyperonymy / hyponymy. Such a taxon-
omy is the main backbone of the ontology, which can be “fleshed” with the
addition of attributes and other relations among nodes (like meronymy or
antonymy). In the design of modern ontologies, they thus provide a richer
representation of concepts and relations that allow multiple inheritance and
multiple classifications.

As is usual, we shall generically call ISA the main taxonomic relation.

The problem with ISA when considering linguistic ontologies like WordNet

43For interested readers, Sowa (1999) gives a complete overview of Ontologies in the
philosophical tradition; and Guarino (1998) gives a full overview of the role of ontologies
in information systems, and a proposal for ontology-driven information systems.
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is that: it is intended as a lexical relation between words, which not always
reflects an ontological relation between classes of entities of the world.

Although this fact is well known, the tendency to confuse the two aspects
(conceptual and linguistic) is quite common, especially when linguistic on-
tologies are used for non-linguistic applications. For example, in linguistic
ontologies, it is quite common to rely on multiple inheritance to represent
regular polysemy. This results in an overloading of the role of ISA links,
which may cause serious semantic problems (Guarino 1998). Guarino re-
ports five kinds of examples of what he considers ISA overloading and makes
proposals to eliminate these problems.

To avoid the ISA overloading, we propose that the conceptual taxon-
omy, which reflects the basic top-level ontological structure, should reveal a
clear and bright semantics, while the extra information can be represented
by means of specialized links and attributes at the word sense level. Follow-
ing the basic line of OntoClear methodology (Guarino and Welty (2002)),
we use simple monotonic inheritance, which means that each node inherits
properties only from a single ancestor, and the inherited value cannot be
overwritten at any point of the ontology. The decision to keep the relations
to one single parent was made in order to guarantee that the structure would
be able to grow indefinitely and still be manageable, i.e. that the transitive
quality of the relations between the nodes would not degenerate with size.

Figure 5.9 shows a snapshot of the character ontology.

Tangled models: two levels in one

Vossen (1997;2003) also pointed out that many systems do not make a dis-
tinction between the conceptual level and the lexical level, or have direct
mapping between the lexicon and the ontology.

He claimed that, if the system’s purpose is to manage the substitution
of words in text (for example, information retrieval or language generation),

then we need a linguistic ontology (such as the EWN Ontology) which pre-
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Figure 5.9: The HanziNet ontology: A snapshot

cisely reflects the lexicalization and the relations between the words in a
language, and thus predicts how the same content can be paraphrased differ-
ently in a language. The lexicalization in a language has to be the starting
point for ontologies for paraphrasing content. Such a design idea is, in fact,
a “wordnet” in the true sense of the word and therefore captures valuable
information about conceptualizations that are lexicalized in a language.**
If, on the other hand, the purpose of the ontology, more like an ontology
in AT (like Cyc Ontology), is to manage semantic properties used for inference
only, then it may be the case that a particular level or structuring is required
to achieve better control or performance, or more compact and coherent

structures. In addition, many words in a language may not be relevant for

4“4That’s why in EuroWordNet, we get a much flatter hierarchy in which particular
properties cannot be derived from the hyponymy relations. A detailed analysis can be
found in Vossen (1998).
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storing the relevant inferences, and many concepts may be needed that are
not lexicalized at all. For this purpose, it may be necessary to introduce
artificial levels for concepts which are not lexicalized in a language (e.g.
natural objects), or it may be necessary to neglect levels that are lexicalized
but not relevant for the purpose of the ontology (Vossen 1998).

Our concern here is, could it be possible that something exists between the
conceptual and lexical level? Do Chinese characters provide an alternative
answer to this question? Let us first look at an experiment.

Wong and Pala (2001) compared a selected collection of Chinese radicals,
which they called a natural semantic situation in a natural language, with
the corresponding top concepts listed, mainly, in the first and second order
entities developed in the EuroWordNet (EWN). The results show that, though
Chinese radicals do not form a well-defined hierarchical system as the EWN
TOP Ontology does, many of the important counterparts of TOP Ontology
entities can be appropriately found among Chinese radicals. Based on this
finding, the authors concluded that, by using them, a construction similar
to EWN TO could then be created. In their view, the result implies that we
do not need to be afraid so much of the arbitrariness which is an inevitable
property of any ontology of EWN TOP type.

Surely, one might asl that since the similar meaning elements can be
found in any culturally developed natural language, why Chinese radicals
should be considered as being so special? I regard the answer that Wong
and Pala provided as a very convincing one: Their exclusiveness consists of
the fact that they represent a natural language collection of basic meaning
elements which do not exist in such a compact form in any of the known
natural languages — there are only 214 radicals.

Based on the three-layer Pyramid Model proposed previously, a Hanzi-
grounded ontology (a non-lexicalized but “characterized” ontology) employed
in HanziNet seems to be a promising solution to this problem in a natural

way. That is, Hanzi could be used as an ontological mediator which facilitates
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Conceptual ontology
(e.g., Cyc)

“Characterized” ontology
(HanziNet)

Lexical ontology
(e.g., EuroWordNet)

Figure 5.10: A proposed “characterized” Ontology design

“communication” between concepts and words. Figure 5.10 schematizes the
idea from the view of ontology design.

[ argue that such a combination of “Hanzi-grounded” ontology and HanziNet
will give each character a rigorous conceptual location. With the integration
of other lexical resources,*® the relationship between conceptual classification

and its linguistic instantiation would be clarified.

A Bootstrapping Strategy

Another important issues in designing HanziNet ontology involves the ontol-
ogy mapping. In the field of NLP, more and more ontologies are being made
publicly available. Unfortunately, since it is not easy for everyone to agree
on one ontology, a problem appears when different ontologies are used for
the same domain. At this point, ontology mapping comes into question.
The HanziNet Ontology proposed here relies heavily on the backbone of
CBF Ontology 6. This is mainly because in the methodological consideration

of knowledge engineering, it is almost always worth considering what some-

458uch as the on-going project Chinese WordNet, being developed in Academia Sinica,
Taiwan.
46Please refer to section 5.2.4
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one else has done and checking if we can refine and extend existing sources
for our particular domain and task. CBF ontology has the advantage of
compactness (with only 256 concept types) over other ontologies,’” but its
validity needs more experimental testings. Since HanziNet is intended to de-
velop a flexible framework which future studies in Hanzi ontology could draw
upon and reassess, we take a bootstrapping strategy in the Hanzi ontology
development. That is, we start with some modifications of CBF ontology,
and then fine-tune with the concept types found in other resources such as
Roget’s Thesaurus.

In the interim, the mapping between HanziNet Ontology and SUMO Ontol-
ogy *%is in progress in parallel. The reason for choosing SUMO is twofold: (1).
Currently, SUMO is linked with many other main ontologies (e.g. WordNet
synsets, OpenCyc Upper Ontology, etc). (2). The on-going Chinese WordNet
project (e.g. Sinica BOW).% is heavily based on SUMO.

Figure 5.11 shows a snapshot of the HanziNet Ontology environment.

At this juncture, HanziNet Ontology is still in its initial stages of crys-
tallization. In terms of axiomization, it is still far away from being a formal
ontology. In time, it is hoped to become a useful knowledge resource with
wide ranging applications. In the next chapter, I will present a case study

which takes a HanziNet-based approach to perform the NLP tasks.

4"For example, a total of 109,377 synsets are defined in WordNet; a total of 16,788 word
concepts can be found in HowNet. In the Chinese Concept Dictionary, the goal includes at
least 60,000 concepts.

48SUMO (Suggested Upper Merged Ontology) is a shared upper ontology developed
and sanctioned by the IEEE Standard Upper Ontology Working Group. It is a theory in
first-order logic that consists of approximately one thousand concepts and 4000 axioms.
See http://www.ontologyportal.org.

Onttp://bow.sinica.edu.tw
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Chapter 6

Semantic Prediction of Chinese
Two-Character Words

In previous Chapter, I have described an on-going work called HanziNet,
which is set to be a knowledge resource based on Chinese characters. In
this Chapter, we turn our attention to a case study of the feasibility of
using Hanzi-encoded conceptual knowledge in certain NLP tasks, which forms
the main motive of this work. Drawing lessons from the previous studies,
this knowledge resource could be used to conduct experiments in relation
to meaning processing tasks, such as the prediction (or classification) and
disambiguation of (unknown) word senses. This chapter will focus on the
task of semantic class prediction of (unknown) words.

The chapter starts with a quick overview of some background of Chinese
morphology, then an account of the morpho-semantic analysis of Chinese
words will be given. Based on these discussions, I propose a simple scheme
of sense prediction of unknown words. The experiment yields satisfactory re-
sults which turn out to be that the task of semantic class prediction of Chinese
words could be greatly facilitated using Chinese characters as a knowledge

resource.
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6.1 Introduction

This chapter describes the theoretical consideration concerning with the in-
teraction of character (morphemic component) semantics morphology, and
an NLP experiment is performed to do semantic class prediction of unknown
two-character words based on HanziNet - a character-grounded ontological
and lexical knowledge resource of Chinese. The task that the semantic predic-
tor performs is to automatically assign the (predefined) semantic thesaurus
classes to the unknown two-character words of Chinese.

Before proceeding, it would be helpful to take a look at some background
knowledge of Chinese morphology. In the theoretical setting of (Western)
morphology, a single word can be viewed as made up of one or more basic
units, called morphemes. Generally, morphemes are classified into two kinds
- free morphemes are able to act as words in isolation (e.g., cry, clear); and
bound morphemes can operate only as parts of other words (e.g., ing). In
English, the latter usually take the form of affixes. Affixes are seen as bound
morphemes that are productive in forming words. They are “grammatical”
(i.e., functional) rather than “lexical” (i.e., content) in nature, and are usu-
ally classified as either inflectional (if they mark grammatical relations or
agreement and do not change the form class of a word) or derivational (if
they derive words with a new form class) (Packard 2000).

Chinese has often been described as a “morphologically impoverished”
language in the sense that there are no true inflectional affixes as defined
above. That is, Chinese has no word components that vary as members of
a paradigm and mark grammatical values such as case, number, tense, and
gender. This often leads to some general remarks (Trost 2003) asserting that
isolating language such as Mandarin Chinese has no bound forms, e.g. no
affixes, and the only morphological operation is composition.

Although there are no unequivocal opinions concerning this issue, many

researchers (Li and Thompson (1981); Packard (2000); Sproat and Shih
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(2001)) have shown that there exist various kinds of morphological phe-

nomenon in Chinese, including reduplication,*

affixation, compounding and
acronyms. As Packard (1997;2000) carefully shows that, “... Chinese has a
different morphological system because it selects different ‘settings’ on pa-
rameters shared by all language.” Unlike “typical” affixing languages, Chi-
nese has a large class of morphemes - which he calls “bound roots” - that
possess certain affixal properties (namely, they are bound and productive
in forming words), but encode lexical rather than grammatical information.
These may occur as either the left- or right-hand component of a word.? For
example, the morpheme 71 (/1i/; “strength, power”) can be used as either the
first morpheme (e.g., 1% (/li-liang/;power-capacity “physical strength”), or
the second morpheme (e.g., # 71 /quan-1i/; authority-strength “power”) of a
dissyllabic word, but cannot occur in isolation. According to Packard (2000),
the class of word formation with these characteristics, in, e.g., English, is vir-
tually nonexistent.?

The existence of “bound roots” has made it vague in defining Chinese
compounding, which comprises the largest category of morphological phe-
nomena in Chinese. Generally, the term “compound” in linguistics is re-
stricted to words formed from two free lexical morphemes, e.g., blackbird
(Lipka 2002). But in Chinese, there is a large number of what the Chinese
linguists call root compounding (Sproat and Shih 1996) or bound root words

(Packard 2000). Such compounds are composed of a free morpheme and

LA monosyllabic or dissyllabic Chinese word can reduplicate in various forms, e.g., AA
form, ABAB form or AABB form, etc

2Chao (1968:145) calls them “root words”, and Dai (1992:40) calls them “bound stems”.
Examples of bound roots from English might be the -ceive (receive, conceive).

3Similar examples would be the so-called ‘latinate’ stems in English(anti-, -itis, -osis,
etc) that are also bound and productive but lexical rather than grammatical. But unlike
these examples, “bound roots” in Chinese may, and in fact usually do, form words by
combining with other bound roots. In addition, Chinese “bound roots” are less positionally
restricted, i.e., they may in general occur as either the first or second constituent of a word,
whereas in English, a given bound root generally is restricted to occurring as either a left-
or right-hand word constituent, but not both.
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a “bound root” morpheme which we mentioned above. An example from
Sproat and Shih (2001) is the word for “&#&” (/bdiyi/), literally “white ant”,
where we underline the portion meaning “ant”. The normal Mandarin Chi-
nese word for“ant” is #%% (/mdyi/), that is, #k(/yi/) cannot be used as a
free word. It is bound and productive in forming words, but encode lexical
instead of grammatical information (that’s why it is not an affix).

The difficulty in deciding what constitutes a compound is exacerbated
by the fact that, the boundary between bound and free morphemes is fuzzy.
This is due to the fact that instances of bound morpheme often occur as
free morphemes in classical Chinese texts, in some proverb-type expressions
and in modern Chinese texts mixed with classical style and register. For
example, the “normal” Mandarin word for “mushroom” is E% (/muo-gi/),
and % (/gu/) alone cannot be used as a separate word, it is thus regarded
as a bound morpheme in Sproat (2001), but in the following sentence, it is

used as a free morpheme.

(6a). &AM 35T

What kinds of “mushroom” (in general) is it?

Together with the discussion in Chapter 2, we have seen that in Chinese
morphology, the notions of word, morpheme and compounding are not ex-
actly in accord with the definition common in western linguistics. As Chao
(1968) put it, the term “compound” as used by Sinologists represents a rather
broader concept. Practically any word written with two or more characters
is a compound in this sense. To avoid unnecessary misunderstanding, the
pre-theoretical term two-character words will be mostly used instead of com-

pound words in the following work.* This contains then all the four word

4Li and Thompson (1981) take a very similar view of compounding by saying that
there is “a great deal of disagreement over the definition of compound. The reason is
that, no matter what criteria one picks, there is no clear demarcation between compounds
and non-compounds. ... we may consider as compounds all polysyllabic units that have
certain properties of single words and that can be analyzed into two or more meaningful
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Table 6.1: Chinese word types (adopted from Packard (2000:81))

combine what? = word types examples
two root words ~ compound word  »k i(/bing-shan/, ‘ice-
mountain’, iceberg), %

#%(/ma-lu/,  ‘horse-road’,

street)

root word plus

bound root word

& Mi(/dian-nau/, ‘electric-

bound root, or brain’, computer), #%

two bound roots & (/xiang-pi/, ‘rubber-
skin’, rubber)

bound root or derived word 5 5 (/fang-zi/, ‘house-

root word plus AFFIX’, house), %

word-forming af- #4(/chatoi/, ‘insert-

fix AFFIX’, plug)

word plus gram- grammatical & T(/zou-le/, ‘go-

matical affix word ASPECT’, went), &1(/wo-
men/, ‘me-PLURAL’,
us)

types of Chinese proposed by Packard (2000). Table 6.1 shows these types

and examples.

6.2 Word Meaning Inducing via Character Meaning

Having briefly presented the background knowledge of Chinese morphology,
we now move on to the morpho-semantic analysis, with the main concern
in this Chapter, i.e., to what degree can/can not the meaning of words be

induced by the meanings of their individual morphemic components (i.e.,

characters).

elements, or morphemes, even if these morphemes cannot occur independently [i.e.
words] in modern Mandarin.” (Li and Thompson 1981: 45-46)
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6.2.1 Morpho-Semantic Description

Even though the interaction between syntax and lexical semantics has been a
fertile ground for research in both theoretical and computational linguistics,
there has been limited work on the interaction on semantics and morphology
(Hong et al 2004).

From the view of inflectional languages like Indo-European languages,
semantic interpretation of derivation as well as compounding might be dif-
ficult. In the field of NLP, Goldsmith (2001) and Klimova and Pala (2000)
also shows that, with the presence of allomorphs and irregular morphology
in words, to retrieve the composite meaning of a word by analyzing its mor-
pheme structure is not an easy task.

In Chinese, “bound roots” are the largest class of morpheme type, and as
introduced, they are very productive and represent lexical rather than gram-
matical information. This morphological phenomena leads many Chinese
linguists® to view the morphemic components (i.e., characters) as building
blocks in the semantic composition process of di- or trisyllabic words. In
many empirical studies (Tseng and Chen (2002); Tseng (2003); Lua (1993);
Chen (2004)), this view has confirmed repeatedly.

In the semantic studies of Chinese word formation, many descriptive and
cognitive semantic approaches have been proposed, such as argument struc-
ture analysis (Chang 1998) and the frame-based semantic analysis (Chu-lang
2004). However, among these qualitative explanation theoretical models,
problems often appear in the lack of predictability on the one end of spec-
trum, or overgeneration on the other.® Empirical data have also shown that
in many cases, — e.g., the abundance of phrasal lexical units in any natural

language, — the principle of compositionality in a strict sense, that is, “the

°For a detailed updated review in this field, please refer to Chu (2004).

6For example, in applying Lieber’s (1992) analysis of argument structure and theta-grid
in Chinese V-V compounds, Chang (1998) found some examples which may satisfy the
semantic and syntactic constraints, but they may not be acceptable to native speakers.
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meaning of a complex expression can be fully derivable from the meanings
of its component parts, and from the schemas which sanction their combi-
nation”, which is taken to be a fundamental proposition in some of morpho-
semantically motivated analysis, is highly questionable.

In the field of quantitative approach, to my knowledge, Lua’s relevant
studies (1993;1995;2002) might be the first and most comprehensive one in
researching the semantic construct and transformation of Chinese words that
constructed from individual characters.

Based on data derived from a Chinese Thesaurus entitled F#zzask (CILIN,
henceforth) (Mei et al. 1998),” Lua (1993a, 1993b) observed that the vast
majority of Chinese compounds are constructed using 16 types of semantic
transformation patterns.

However, as the author admits, one weak point in this approach is that
it is unable to separate conceptual and semantic levels of a character or a
word. His experimental result indicates that, due to the homographic ef-
fect of loading multiple meanings into a single character, characters which
are conceptually correlated are not necessarily semantically correlated, for
example, 3 /fi/ and F/zi/. Characters which are conceptually not corre-
lated are semantically correlated, such as #/dan/ and & /bdi/. In addition,
the measure of conceptual relatedness does not tell us any more about the
constraints of conceptual combination.

This has given to the consideration of the embeddedness of linguistic
meanings within broader conceptual structures (Taylor 2002). In the later
experiment, I will argue that an ontology-based approach would provide an
interesting and efficient prospective toward the character-triggered morpho-

semantic analysis of Chinese words. In what follows, we will argue that an

"CILIN classifies Chinese words using three-level semantic tree structures with 12 ma-
jor, 95 medium and 1428 minor semantic classes. With a total number of about 70,000
Chinese words, it is one of the most comprehensive semantic resources in Chinese NLP so
far. The “semantic class” mentioned in Lua’s studies is predefined in CILIN. A section of
semantic classification tree of CILIN is listed in Appendix.
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ontology-based approach would provide an interesting and efficient prospec-

tive toward the character-triggered morpho-semantic analysis of Chinese words.

6.2.2 Conceptual Aggregate in Compounding: A Shift Toward
Character Ontology

In prior studies, it is widely presumed that the category (be it syntactical
or semantic) of a word, is somehow strongly associated with that of its com-
posing characters. The semantic compositionality underlying two-character
words appears in different terms in the literature.

Word semantic similarity calculation techniques have been commonly
used to retrieve the similar compositional patterns based on semantic tax-
onomic thesaurus. However, one weak point in these studies is that they
are unable to separate conceptual and semantic levels. Problem raises when
words in question are conceptually correlated are not necessarily semantically
correlated, viz, they might or might not be physically close in the CILIN
thesaurus (Mei et al 1998). On closer observations, we found that most
synonymic words (i.e., with the same CILIN semantic class) have characters
which carry similar conceptual information. This could be best illustrated by
examples. Table 6.2 shows the conceptual distribution of the modifiers of an
example of VV compound by presuming the second character #(/qu/, get)
as a head. The first column is the semantic class of CILIN (middle level),
the second column lists the instances with lower level classification number,
and the third column lists their conceptual types adopted from the HanziNet
ontology. As we can see, though there are 12 resulting semantic classes for
the * B compounds, the modifier components of these compounds involve

only 4 concept types as follows:

11000 (SUBJECTIVE — EXCITABILITY — ABILITY — ORGANIC FUNCTION) "B, #k,

11010 (sussecTivE — ExcITABILITY — ABILITY — skiLLs) TH. #E. . K. R, #&. &,

8 As mentioned, Lua (1993) called it as semantic transformation patterns, while in Chen
(2004), the combination pattern is referred to as compounding semantic template.
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Semantic class

VV compounds

Concept types of modifier component

Ee (virtue)

37 #E (‘move forward-get’,
be enterprising)

11110

Fa (act of 05 #EEX (‘squeeze-get’, extort) 11010
upper limbs) 08 #EL (‘cull-get’, pick) 15 #&
B (‘pick-get’, collect)
Fc (act of 05 BEHX (‘hear-get’, listen to) 11011
head)
Gb 07 FCHX (‘record-get’, bear in 11011
(psychological mind)
activity)
Ha (political 06 I (‘deprive-get’, seize) 11110
activity)
Hb (military 08 BEHY (‘attack-get’, take 11110
activity) over) 12 HHU (‘attack-get’,
capture) 12 ZEH (‘deprive-
get’, seize) 12 EEEY (‘attack-
get’, take over)
Hc 07 YA (‘receive-get’, collect) {11110;11011}
(administration) 23 #HX (‘pull-get’, promote)

25 #%HL (‘employ-get’, enroll)

Hi (sociality)

27 T (‘receive-get’, get) 27
HRE (‘Lift, distill)

{11010;11110}

Hj (living)

25 ZEHL (‘choose-get’, choose)
25 N (‘cull-get’, pick)

{11010;11110}

Hn (ferocity) 03 #HH (‘plunder-get’, plun- 11110
der) 10 ZHL (‘rob-get’, pla-
giarize) 12 #EHX (‘squeeze-get’,
extort)

If 09 #Hl (‘examine-get’, pass 11011

(circumstances) an entrance examination)

Je (influence)

12 GH (‘strive-get’, strive for)
12 FEEN 12 WREY 12 #EEX 12 F8HY
12 Z2H 12 3 12 HE 12 R
HY 12 #EX 12 ZEHY 12 #aHY 12
ZH

{11000;11110;11011;11110}

Table 6.2: Conceptual aggregate patterns in two-character VV (compound)
words: An example of * EX (get)
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]_].O].]_ (SUBJECTIVE—»EXCITABILITY—»ABILITY—»INTELLECT) fr—\ %%\ "%\ i%\ ﬁ\ %E\ gfﬁx},

11110 (SUBJECTIVE — EXCITABILITY — SOCIAL EXPERIENCE — DEAL WITH THINGS) Y. 8. 4B, #%. & .

N NE S N N N 8

We defined these patterns as conceptual aggregate pattern in compound-
ing. Unlike statistical measure of the co-occurrence restrictions or association
strength, a concept aggregate pattern provides a more knowledge-rich sce-
nario to represent a specific manner in which concepts are aggregated in the
ontological background, and how they affect the compounding words. We will
propose that the semantic class prediction of Chinese two-character words
could be improved by making use of their conceptual aggregate pattern of

head/modifier component.

6.3 Semantic Prediction of Unknown two-character
Words

6.3.1 Background

This section describes an NLP experiment on semantic prediction (or classi-
fication) of unknown two-character words based on HanziNet. The practical
task intended to be experimented here involves the automatic classification
of Chinese two-character words into a predetermined number of semantic
classes.

Before embarking on this, some background knowledge is introduced as
follows. In section 2.2.2, we briefly introduced one of the most complex
problems in computer processing of Chinese language: word segmentation.
As already known, due to the lack of blanks to mark word boundaries, it
is a difficult task for a computer (even for native speakers), to identify the
words in an input Chinese sentence. In addition to segmentation ambigui-
ties, occurrences of out-of-vocabulary words (i.e. unknown words) constitute

the main difficulty. While the number of newly coined words grows daily,

189



it would be tremendously time-consuming to manually create a dictionary
that contains all of these words previously unseen. That is the reason why
recognizer and classifier needed to be developed to do the task automatically.
Many works (Chang et al (1997); Chen and Lee (1994); Chen and Bai (1997))
have been done in the area of identification and syntactic tagging of Chinese
unknown words. Until recently, more and more researches have focused on

the semantic classification of Chinese unknown words.
e Types of Unknown Words

According to a reported statistical analysis (Chen et al.(1997)), upon
examining a 3.5 million word data from a Chinese corpus, five frequently
occurring types of unknown words were found. These are briefly explained

as follows:

(Sudxi€) Suoxie can be better understood as acronym in English, i.e., short-
ened forms of long names. E.g., §% X% (/tai-wan-da-xue/, “Taiwan
University”) is commonly shortened as & X (/tai-da/) by choosing the

first and the third characters to yield a new form.

(Proper names) These involve person names, place names, organization names

and so on.

(Derived words) These types can be realized as derivational suffixation. There
are very limited (and controversial !) numbers of “suffixes” in Mandarin
Chinese, but they are very productive. For example, Z¥1t(/gong-ye-

hua/, “industrial-ize”).

(Numeric type compounds) These types include dates, numbers, time, etc.

E.g., —LEEF (“1970-year”)

(Compound words) E.g., huo-yun (“receive-permission”; obtain permission)
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Since each type has its own morphological structure and must be treated
separately, there has not been one satisfactory unified solution for unknown
word detection. Among these types of unknown words, Chen and Chen
(2000) pointed out that compound words constitute the most productive type
of unknown words in Chinese texts. In contrast with other types, such as
numeric type compounds, which can be well explained by regular expression,
the set of general compounds words is the most difficult type to predicate,
for these compounds are constantly newly coined - though under certain
idiosyncratic co-occurrence restrictions - by combining two or more characters

from a large set of characters.
e Shallow vs Deep Semantic Classification

The semantic classification task discussed in this chapter can be regarded
as deep semantic classification work,” which aims to assign more specific
semantic category (or sense tags) from the bottom-level semantic classes in
the taxonomy of a certain thesaurus. This differs from the shallow semantic
classification in that the latter aims at assigning broader sense tags from the

top-level semantic classes.

6.3.2 Resources

The following resources are used in the experiments:

e HanziNet
The ontology and its Hanzi instances of HanziNet, as introduced in
Chapter 5, will be used as a knowledge resource in performing the
task. The dissyllabic words in the character-stored lexicon of HanziNet

will also be adopted as a supplemental training data.

e TongYiCi CiLin (CILIN Thesaurus)

Word semantic classification needs a predefined set of word senses to

9This distinction was proposed by Chen (2004).
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disambiguate between. Although there is no infallible criteria for iden-
tifying “words”, data based on lexicographical considerations might be
reliable enough to be our experimental data. In most recent works, the
set has been taken from a general-purpose thesaurus resource called
TongYiCi CiLin with the assumption that the lexical resource describes

properly the word senses of modern Chinese.

CILIN has been widely accepted as a semantic categorization standard
of Chinese word in Chinese NLP, it is used for training and evaluating
semantic classifier systems. In CILIN, words are categorized in hier-
archies of which organization is similar to Roget's Thesaurus. CILIN
is a collection of about 52,206 Chinese words, classified into a 3-level
hierarchy: 12 major (level-1), 95 middle (level-2) and 1428 minor (level-
3) semantic classes. Among the 56,830 words in CILIN’s index, 7866
(15.05 %) words belong to more than one semantic category. The cat-
egorization hierarchy of this thesaurus is described in a table in the

Appendix.

e Sinica Corpus

The Sinica Corpus (CKIP, 1995) is the only publicly available, fully

tagged (with part-of-speech) traditional Chinese corpus of its size.'
The Sinica Corpus aims to someday acquire five million word entries.
The latest version, the Sinica 1.0 Balance Corpus, includes slightly more
than two million word entries. This corpus is balanced over five of its
source attributes, namely: topic; genre; medium; style; and mode (Hsu
and Huang, 1995). Originally, the Sinica Corpus was in BIG-5 encoded.
Word segmentation within the Sinica Corpus was done according to

the standard proposed by Computational Linguistic Society of Taiwan.

Tagging was done with a set of 46 POS tags. Sinica Corpus is used to

10The term traditional here means the characters currently used in Taiwan and Hong
Kong rather than the simplified one used in VR China.
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assign the POS tags (mainly V and N) of training and testing character

data in the experiment.

6.3.3 Previous Research

The task involves here is the automatic classification of Chinese words into
a predetermined number of semantic categories. Previous researches can be

summarized as two models as follows.

Connectionist Model

Lua (1995, 2002) explored semantic category prediction of Chinese bi-character
words using a three-layer back propagation neural network in a pioneering
experiment. By inputting (1) the semantic classes, which are directly derived
from CILIN, and (2) a parameter called semantic strength,''the system is re-
ported to give good results, yielding an accuracy of 81% in predicting the
semantic classes of Chinese dissyllabic words.

This theoretical proposal comes from some of his previous papers (Lua
1993a and 1993b). He asserted that each Chinese compound word is a result
of semantic aggregates, and that it derives its meaning through certain se-
mantic transformations from the meanings of its constituent characters. He
also proposed a scheme to quantify various types of these semantic transfor-
mations.

In principle, in presuming the properties of Chinese compounds, we share
a similar position with Lua, however, the existing connectionist model, though
praised for its high rate of accuracy, encounters some crucial difficulties.
First, it cannot deal with any “incompleteness” in characters lexicon, for
this system depends heavily on CILIN, a semantic thesaurus containing only
about 4,133 characters. As a result, if unknown words contain characters that

are not listed in CILIN, then the prediction task cannot be performed. Sec-

1'We have introduced this notion in Chapter 5.
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ond, the ambiguity problem is shunned by pre-selection of character meaning

in the training step.

The Example-Based Model

Chen and Chen (2000) propose an example-based learning method (also
called similarity or instance-based method) to perform the task of automatic
semantic classification for Chinese unknown compound nouns. According
their inspection on the Sinica Corpus, compound nouns are the most fre-
quently occurred unknown words in Chinese text. The unknown compound
nouns extracted from the Sinica Corpus were classified according to the mor-
phological representation by the similarity-based algorithm.

For each input, the classifier does the morphological analysis at first, that
is, determine the head and modifier morpheme, and get the syntactic and
semantic categories of the modifiers. The semantic category of the input
unknown word will be assigned with the semantic category of the example
word with the most similar morpho-semantic structures calculated by a sim-
ilarity measure. The proposed semantic classifier uses a measure of semantic
similarity very much like that described in Resnik (1995). For evaluation,
200 samples from the output (the total number is not given!) are picked out
randomly for the performance evaluation by examining the semantic classi-
fication manually. The accuracy rate of 81% is reported.

Under the example-based paradigm, Tseng (2003) presents a seman-
tic classifying algorithm for unknown Chinese words using the K nearest-
neighbor method. This approach computes the distance between an unknown
word and examples from the CILIN thesaurus, based upon the similar met-
ric of morphological similarity of words whose semantic category is known.
This yields the results of 70.84% of nouns, 47.19% of verbs and 53.50% of

adjectives, respectively.
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Problems

Difficulties encountered in previous researches could be summarized as fol-
lows:

First, many models (Chen and Chen 1998;2000) cannot deal with the
incompleteness of characters in the lexicon, for these models depend heavily
on CILIN, a Chinese Thesaurus containing only about 4,133 monosyllabic
morphemic components (characters).!? As a result, if unknown words contain
characters that are not listed in CILIN, then the prediction task cannot be
performed automatically.

Second, the ambiguity of characters is often shunned by manual pre-
selection of character meaning in the training step, which causes great diffi-
culty for an automatic work.

Third, it has been widely assumed (Lua (1995;1997;2002); Chen and Chen
(2000)) that the overwhelming majority of Chinese words have semantic head
in their morphological structures. That is, Chinese compound words are
more or less endocentric, where the compounds denote a hyponym of the
head component in the compound. So for example, E# (“electric-mail”;
e-mail) IS-A a kind of mail, # is the head of the word &#. The process
of identifying semantic class of a compound thus boils down to find and to
determine the semantic class of its head morpheme.

Though the head-oriented presumption works well in NN compound words,
where the head is the rightmost character by default (Chen and Chen 2000),
there is also an amount of exocentric and appositional compounds!® where
no straightforward criteria can be made to determine the head component.
For example, in a case of VV compound #lF (“denounce-scold”, drop-on), it

is difficult (and subjective) to say which character is the head that can assign

12The reason for this lies in that, since many characters in modern Chinese texts have
not been used as a free morphemes, they will not be included in thesaurus or dictionary
for modern Chinese. This seems to demand a character-based (including free and bound
morpheme) knowledge resources.

13Lua reports a result of 14.14% (Z3 type).
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a semantic class to the compound. In addition, generally speaking, the head
discussed here is understood in terms of semantic value, instead of syntactic
or structural description.!® But in (Chen and Chen (2000)), they assume
that the syntactic and semantic categorization of a head are closely related
for coarse-grained analysis. So in their model, the syntactic categories of an
unknown word have to be predicted first, and the possible semantic categories
will be identified according to its top-ranked syntactic tags. The problems
multiplied due to the ambiguity of syntactic categories. Lua (2002)’s pro-
posal of “semantic nuclear/modifier” using the distance counting method
based on CILIN has advantages of objectivity and syntax-independent, but,
again, faces the problems due to the limited coverage of characters in CILIN.

At the time of writing, Chen (2004) is the most updated example-based
approach to this topic. To solve above-mentioned problems, he proposed a
non head-oriented character-sense association model to retrieve the latent
senses of characters and the latent synonymous compounds among charac-
ters by measuring similarity of semantic template in compounding by using
a MRD. However, as the author remarked in the final discussion of classifi-
cation errors, the performance of this model relies much on the productivity
of compounding semantic templates of the target compounds. To correctly
predict the semantic category of a compound with an unproductive semantic
template is no doubt very difficult due to a sparse existence of the template-
similar compounds. In addition, pure statistical measures of sense associa-
tion do not tell us more about the constraints and knowledge of conceptual
combination.

In the following, we will propose that a knowledge resource at the mor-
pheme (character) level could be a straightforward remedy to the first and

second problems. By treating characters as instances of conceptual prim-

1Packard (2000) distinguishes “semantic head” and “structural head” in Chinese words.
The latter is a head defined by reference to syntactic rather than semantic value. These
two kinds of head match in some cases, but are totally different in other cases.
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itives, a character ontology might provide an interpretation of conceptual
grounding of word senses. At a coarse grain, the character ontological model
does have advantages in efficiently defining the conceptual space within which
hanzi - intepreted as instances of concept primitives -, and their relations,

are implicitly located.

6.3.4 A Proposed HanziNet-based Approach

With HanziNet at hand, we approach the task in a hybrid way that combines
the strengths of ontology-based and example-based model to arrive at better
result for this task. In general, the approach proposed here differs in some

ways from previous research based on the following considerations:
e Context-freeness:

Roughly, the semantic classes of unknown words can be predicted by
their (local) content and (global) contextual information. In carrying out the
word sense prediction task, we first presume the context-freeness hypothesis,
i.e., without resorting to any contextual information.!® The consideration is
twofold. First, we observe that native speaker seems to reconstruct their new
conceptual structure locally in the processing of unknown compound words.
Second, the context-freeness hypothesis has the advantage especially for those

unknown words that occur only once and hence have limited context.
e HanziNet as a Knowledge Resource

As stated, one of the most intractable problems of automatically assigning
semantic classes to Chinese unknown words lies in the incompleteness of mor-
phemic components (i.e., characters) in the CILIN Thesaurus. This problem
causes great difficulty, especially for example-based models, to perform this

task (Chen and Chen 1998).

15 This differs from the task of word sense disambiguation, in which context might play
an important role.
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HanziNet could be a remedy to this out-of-coverage problem. The new
model presented here relies on a coarsely grained upper level character grounded
ontology, which is one of the core components of HanziNet. As introduced in
Section 5.4.2, this character ontology is a tree-structured conceptual taxon-
omy in terms of which only two kinds of relations are allowed: the INSTANCE-
OF (i.e., certain characters are instances of certain concept types) and IS-A
relations (i.e., certain concept type is a kind of certain concept type). For
the review of the HanziNet ontology, readers can refer to Figure 5.9 and

Appendix.
e Character-triggered Latent Near-synonyms

The rationale behind this approach is that similar conceptual primitives
- in terms of characters - probably participate in similar context or have
similar meaning-inducing functions. This can be rephrased as the following
presumptions: (1). Near-synonymic words often overlap in senses, i.e., they
have same or close semantic classes. (2). Words with characters which share
similar conceptual information tend to form a latent cluster of synonyms.
(2). These similar conceptual information can be formalized as conceptual
aggregate patterns extracted from a character ontology. (3). Identifying such
conceptual aggregate patterns might thus greatly benefit the automatically
acquired near-synonyms, which give a set of good candidates in predicting
the semantic class of previously unknown ones.

The proposed semantic prediction (SC) system retrieves at first a set of
near-synonym candidates using conceptual aggregation patterns. Consider-
ations from the view of lexicography can winnow the overgenerated candi-
dates, that is, a final decision of a list of near-synonym candidates is formed
on the basis of the CILIN’s verdict as to what latent near-synonyms should be.
Thus the semantic class of the target unknown two-character words will be
assigned with the semantic class of the top-ranked near-synonym calculated

by the similarity measurement between them. This method has advantage
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of avoiding the snag of apparent multiplicity of semantic usages (ambiguity)
of a character as well.

Take for an example. Suppose that the semantic class (Hi37) of a two-
character word #&# (/bao-hii/, ‘protect’) is unknown. By presuming the left-
most character & as the head of the word, and the rightmost character #
as the modifier of the word, the system first identifies the conset which #
belongs to. Other instances in this conset are &, %8, &, ff, ke, 6, B, &,
£, F, %&, etc. So the system retrieves a set of possible near-synonym can-
didates by replacing # with other character instances in the same conset,
namely, N.S;: {fRf%, ®&E, ®&, ®RE, R, R, RE, 78, RE, RF, ®E] o
the same way, by presuming the rightmost character # as the head, and the
leftmost character #& as the modifier of the word, we have a second set of
possible near-synonym candidates, NSy: {#:#, 1% K& f# w#, 4%, B
% whE 1 w#, %1 Aligned with CILIN, those candidates which are
also listed in the CILIN are adopted as the final two list of the near-synonym
candidates for the unknown word f%:#: NS|: {#2# (Hi41“be partial to”),
f# (Hb04;Hi37 “guard”), Je# (Hi47 “shelter”), sF# (Hi37 “shield”), ##
(Hd01 “bring up”)}, and NS5 {#&# (H133 “bless”), ## (Hj33 “maintain”),
#<F (Ee39 “conserve”)}. Thus the semantic class of the target unknown two-
character word #%# will be assigned with the semantic class of the top-ranked
near-synonym calculated by the similarity measurement between #*# and its

candidates of near-synonyms.
e Semantic Similarity Measure of Unknown Word and its Near-Synonyms

Given two sets of character-triggered near-synonyms candidates, the next
step is to calculate the semantic similarity between the unknown word (UW)
and these near-synonyms.

CILIN Thesaurus is a tree-structured taxonomic semantic structure of

Chinese words, which can be seen as a special case of semantic network

6Note that in this case, £ and # are happened to be in the same conset.
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(Figure 4.4 in Chapter 5). To calculate semantic similarity between nodes in
the network can thus make use of the structural information represented in
the network.

Previous works of taxonomy-based semantic similarity measurement can
be categorized as two approaches: path length-based approaches (Leacock-
Chodorow (1998); Wu and Palmer (1994)) and information content-based
(Resnik 1995; Lin 1998; Jiang and Conrath 1997). The path length-based,
also called edge-based approaches, use an intuitive idea of evaluating seman-
tic similarity by counting the number of nodes or relation links between nodes
in a taxonomy: the lower the distance between two items, the higher their
similarity. As Resnik (1995) reports, this approach has well-known problem
in that it relies on the notion that links in the taxonomy represent uniform
distances. In a more realistic cases, the distances between any two adjacent
nodes are not necessarily equal, most latter approaches have to be deter-
mine the weight of path length by incorporating the considerations of other
structural features of the network.

So we used the information content-based approach to perform the task,
which uses the notion that the more information content two semantic class
share, the more similar they are. In Resnik (1995), the semantic similarity
score of two semantic classes scy, sco in a IS-A taxonomy, equals the informa-
tion content (IC) value of their lowermost common subsumer (LCS) (i.e., the
lowest node subsuming them both). Following the notation in information
theory, the information content (IC) value of a semantic class sc is defined
as: 1C(sc) = log™" P(sc), where P(sc) is the probability of encountering an
instance of semantic class sc. So the semantic similarity of two semantic

classes is formalized as:

SimReS?’bik (Scl’ 802) :Zé(éaiCS(scl,scg) [IC(SC)] (6 ]')

:ZécéaiCS(scLscz) [logil P(SC)],
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where LCS(scq, scg) is the set of semantic classes that dominate both sc
and scy. A semantic class which achieves the maximal value among the LC'S
in the equation, is called the most informative subsumer.

One is often interested in measuring the similarity of words, rather than
the similarity of semantic classes. In the case of similarity measure of words,
where words may have more than one semantic class, and hence they might
have more than one direct superordinate semantic classes, the similarity mea-
sure of words can be calculated by the best similarity value among all the

semantic classes pairs which their various senses belong to:

__maz

SimR@SNik(wh w2) ~sc1€sense(wi),sca€sense(ws) [SimR@Sﬂik(SCh 802)]’ (62)

where sense(w) represents the set of possible senses for word w.

Following this information content-based model, in measuring the se-
mantic similarity between unknown word and its candidate near-synonymic
words, we propose a measure metric modified from those of Chen and Chen
(2000), which is a simplification of the Resnik algorithm by assuming that the
occurrence probability of each leaf node is equal. Given two sets (NS}, NSY)
of candidate near synonyms, each with m and n near synonyms respectively,

the similarity is calculated as:

IL(L A A
SlmM(UVV’ NS{) max ( CS(SCuwch SCZ)) * fz

= Mbi=tm Yo IL(LCS (seywer, S¢i)) * fi (3) (6.3)

IL(L . :
sim, (UW, NS max (LOS(8Cuwe2, 5¢5)) * [

= arg;y, 2?21 IL(LCS(sCuwe2, 5¢5)) * f; (1-5) (64)

where scyper and scy,er are the semantic class(es) of the first and second
morphemic component (i.e., character) of a given unknown word, respec-
tively. sc; and sc; are the semantic classes of the first and second morphemic
components on the list of candidate near-synonyms NS] and NS,. f is the
frequency of the semantic classes, and the denominator is the total value of

numerator for the purpose of normalization. 3 and 1 — (8 are the weights
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which will be discussed later. The Information Load (IL) of a semantic class

sc is defined as:

IL(sc) = Entropy(system) — Entropy(sc) (6.5)

1 1 1 1
= (_E ZIOgQ E) - (_E ZIOgQ %)
= log, n — log, m

m
-1 _
OgQ( n )7

if there is n the number of the minimal semantic classes in the system,'” m

is the number of the semantic classes subordinate sc.

To take an example, consider how the semantic similarity between a given
unknown word UW and one set of near-synonyms candidates sim,,(UW, N.S7)
would be computed, using the Equation (6.3), (6.4) and CILIN taxonomic
information. Suppose the unknown two-character word in question is &
#(/bao-hu/, protect) again, whose semantic class to be guessed is Hi37.
The system retrieves two sets of candidate near synonyms, namely, NSj:
{## (/tdn-hi/, Hi41“be partial to”), #i# (/wei-hii/,Hb04;Hi37, “guard”), Jib
# (/pi-hu/, Hi47, “shelter”), <F# (/sho-hu/, Hi37, “shield”), ## (/iang-hu/,
Hd01, “bring up”)}, and NS,: {#&ts (/bdo-ion/, H133, “bless”), #h#& (/bio-
iding/, Hj33, “maintain”), & (/bdo-sho/, Ee39,“conserve”)}. For the first part
of calculation, Table 6.3 shows the first character (&)(/bao/) of the unknown
word, and the first character of the candidate near synonyms in N.S] (i.e., #
(/tan/), # (/wei/), B (/pi/), sF(/shd/), #(/idng/)), together with their seman-
tic classes. From Table 6.3 we get Table 6.4. In this case, the first character
of the test unknown word has five semantic classes, the system first starts
with scuwer = Hb04, By Equation 6.3, we have
IL(LCS(Hb04 N Ah15)) * f = IL(Root) * 1 = —logy(352) * 1 = 0;
IL(LCS(Hb04 N Eall)) * f = IL(Root) * 1 = —log2(3 5) *1=0;

IL(LCS(Hb04 N Hi39)) * £ = IL(H) * 1 = —log,(334) * 1 = 2.231;

"Tn CILIN, n = 3915.
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1st characters semantic classes

[gray].90 f& (/bao/) Hb04; Aji4; Di02; JdO01; Kaib

# (/tan/) An15; Eall
ﬁ (/wei/) Hb04
JFE (/pi/) (not found in CILIN)
5F (/sho/) Hb04; Hi39; Id21
& (/iang/) Ed59; HAO1; HA27; HgO7; Hi38; Hj33; IbO1;

Jdo1

Table 6.3: The first characters and their semantic classes

sc; | frequency (f)

Ah15
Eall
Ed59
Hb04
HdO1
Hd27
Hg07
Hi38
Hi39
Hj33
Ib01
Jdo1

1

e e i e i e i R e

Table 6.4: The semantic classes and their distribution of the first characters

IL(LCS(Hb04 N HbO4)) * f = IL(Hb) * 2 =
so on. The denominator is then calculated as: Zle IL(Hb04 N sc;) *

f

—logy(555) * 2 = 19.870 and

040+2231+19.870 4+ - - - + 0 = 33.256. The next steps, - when scye1 =
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Aj14, Di02, JdO01, Kalbk and so on -, work in the same way. Finally,

m

> IL(LCS(SCuw.1, 5¢1)) * fr = > TL(LCS(HbO4, s¢;)) * f;
=1

=1

+ Y TL(LCS(Aj14, s¢;)) * f;
i=1

+ ) CIL(LCS(Di02, s¢:)) * f;

i=1

+ Y IL(LCS(JdO1, s¢;)) * f;

=1
+ Y IL(LCS(Kalb, sc;))  f;
=1

= 33.256 + 3.654 + 0 + 10.350 4+ 0 = 47.26

So, the value of ,,..simu(UW, NS}) equals to ff?z%o = 0.421. For the sim,,,,

namely, to calculate the semantic similarity between the second character #
(/htu/) of unknown word and the second characters of candidate near syn-
onyms in NS, (# (/in/), %(/idng/), ¥ (/sho/)) by Equation (6.4), the calcu-
lation process is the same. The value of 4, 80, (UW, NS}) = % =0.213.
Without taking weights into consideration, we now have a ranked list of near
synonyms (6.5): {#73# (0.421). <F# (0.421). %# (0.219)....}, among which ###

gets the maximal value of MAX(sim,,,, Simy,, ), its semantic class (Hb04) is

then assigned to the unknown word. It is also a correct answer in this case.
e (Clircumventing the strict “Headedness” Presupposition

As remarked in Chen (2004), the previous research concerning the au-
tomatic semantic classification of Chinese compounds (Lua 1997; Chen and
Chen 2000) presupposes the endocentric feature of compounds. That is, by
supposing that compounds are composed of a head and a modifier, deter-
mining the semantic category of the target therefore boils down to determine

the semantic category of the head compound.
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rank synonyms sim.score sem.cat | near-syn set
[gray].90 1 | i (f:Hbo4) | 12570 = 0.421 | HbO4 NS
1 SFFE (SF:HDO4) | 1228 = 0.421 | HbO4 NS;
2 #E (%:J001) }17;32§ = 0.219 | HdO1 NS}
3 fREE(F:HA01) | 2% = 0.213 | Hj33 NS
4 PR (#:HA27) | 2055 = 0.121 | Hj33 NS
5 #H7& (#:An15) | 2220 = 0.077 | Hi41 NS,
6 {RSF(SF:Hb04) | 22- = 0.048 | Ee39 NS}

Table 6.5: The final result: A ranking list

In order to circumventing the strict “headednes” presumption, which
might suffer problems in some borderline cases of V-V compounds, the weight
value (5 and 1—/3) is proposed. The idea of weighting comes from the discus-
sion of morphological productivity in Section 5.4.2. I presume that, within
a given two-character words, the more productive, that is, the more num-
bers of characters a character can combine with, the more possible it is a

head, and the more weight should be given to it. The weight is defined as

6= C(X,’l), viz, the number of candidate morphemic components divided by
the total number of N. For instance, in the above-mentioned example, NS
should gain more weights than N.Sy, for # can combine with more characters
(5 near-synonyms candidates) in N.S; than f& does in NSy (3 near-synonyms
candidates). In this case, § = % = 0.625. It is noted that the weight assign-
ment should be character and position independent.

6.3.5 Experimental Settings
Data

As introduced in previous chapters, dissyllabic words, that is, words consist-
ing of two characters, are the most widely used types in Chinese. In the
following, I will focus specifically on these two-character words.

The goal of this experiment, is set to implement a classifier that assigns

semantic categories to Chinese unknown words. We conducted an open test

205



experiment, which meant that the training data was different from the testing
data. In order to compare with previous studies, 200 N-N, 100 V-N and
500 V-V two-character words were chosen at random from CILIN to serve
as test data, and all the words in the test data set were assumed to be
unknown. The syntactic categories were assigned based on the POS tagset
proposed by the Academia Sinica Corpus. Some examples are: N-N:k %
(fire-disaster, ‘fire’), ¥ B (thatch grass-cottage,‘hut’), V-N:4L5 (commit-crime,
‘commit a crime’), & (see-sickness, ‘see a doctor’), V-V 5t (appraise-calculate,
‘estimate’), #M& (reason-think, ‘suppose’), ®# (perform-address, ‘lecture’), % 2|

(report-come, ‘register’) and so on.'®

Baseline

The baseline method assigns the semantic class of the randomly picked head
component to the semantic class of the unknown word in question. It is
noted that most of the morphemic components (characters) are ambiguous,

in such cases, semantic class is chosen at random as well.

Outline of the Algorithm

Table 6.6 illustrates a step-by-step explanation of the algorithm. In sum-
mary, the strategy to predict the semantic class of a unknown two-character
word is, to measure the semantic similarity of unknown words and their can-
didate near-synonyms which are retrieved based on the HanziNet ontology.
For any unknown word UW which is the character sequence of C;C}, the
RANK (sim,(B), sim, (1 —f3)) is computed. The semantic category sc of the
candidate synonym which has the value of M AX (sim,, (), sim,(1—3)), will

be the top-ranked guess for the target unknown word.

I8 A1l the test data are listed in Appendix.
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Steps

Instructions

Results

)

For each input unknown two-
character word,

Bisect this unknown word and
look up instances in the charac-
ter ontology which share the same
conceptual meaning (i.e., in the
same conset) of the first and sec-
ond morphemic components with
the unknown word. Thus, two
sets of words (NS, and NSs),
sharing one character ( in the first
and the last position) with the
unknown word, are constructed.

Compare these two sets with
CILIN, only those words which
are also entries in the CILIN
are adopted as the near-synonym
candidates for the unknown word.
(This step resolves the possible
ambiguities of morphemic compo-
nents and over-generated exam-
ples from the practical considera-
tion of lexicography.) If no guid-
ing examples are found in CILIN,
then the system falls back to step
(2) to retrieve these two set using
neighbor conset.

Applying the Equation (6.3) and
(6.4) to calculate the seman-
tic similarity between the tar-
get word #F and the candidate
words, respectively.

The semantic class of the near-
synonym with the maximal se-
mantic similarity value will be the

final guess.
207

#IF (/shiun-ci/, VV, “drop-on”,),

In this case, two sets of words are
retrieved. NSy:{ #F. #F. &7
EF. bR, #F. AR BF }, and
NSy:{ 7%, Dzt g NE. b,
P I FE DI P}

NS|:{EF (Hc25) } and NS
(9% (Hi21). # (He0d). ¥
(HgO1)}.

mazx(sim,,, sim,) = 0.617, which
is the similarity of #l#(Hi21).

In this case, (Hi21) is the final
guess, and a correct answer.

Table 6.6: Outline of algorithm with examples



‘ Compound types ‘ Baseline ‘ Our algorithm ‘

V-V 12.20% 42.00%
V-N 14.00% 37.00%
N-N 11.00% 72.50%

Table 6.7: Accuracy in the test set (level 3)

6.3.6 Results and Error Analysis

The correctly predicted semantic category is the sematic category listed in
CILIN. In the case of ambiguity, when the unknown word in question belongs
to more than one semantic category, the system chooses only one possible
category. In evaluation, any one of the categories of an ambiguous word is

considered correct.

Primary Results

The SC prediction algorithm was performed on the test data, and achieved
accuracy of 42.00%, 37.00% and 72.50% in V-V, V-N and N-N two-characters
compounds for a task whose baseline was 12.20%, 14.00% and 11.00% evalu-
ated at the 3-level of CILIN Thesaurus, respectively. The resulting accuracy
is shown in Table 6.7. For the more shallow semantic classification (the 2-
level in CILIN), it worked even better (46.20%, 45.00% and 80.50%), which
are shown in Table 6.8. Table 6.10 shows further the near miss of the SC
system performance, where n stands for the first n ranked semantic classes

predicted. The accuracy A here is defined as follows:

number of correct predictions

(6.6)

" ‘total number of unknown words in the testing data

Error Analysis

Generally, without contextual information, the classifier is able to predict the

meaning of Chinese two-character words with satisfactory accuracy against
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‘ Compound types ‘ Baseline ‘ Our algorithm ‘

V-V 13.20% 46.20%
V-N 16.00% 45.00%
N-N 12.50% 80.50%

Table 6.8: Accuracy in the test set (level 2)

| n | N-N (200) | V-N (100) | V-V (500) |
1] 72.50% 37.00% 42.00%
2| 79.00% 47.00% 54.80%
3] 81.50% 51.00% 60.40%

Table 6.9: Performance for the first n ranked semantic class prediction (level

3)

the baseline. A further examination of the bad cases indicates that error can

be grouped into the following sources:

(Words with no semantic transparency) Like “proper names”, these types have
no semantic transparency property, i.e., the word meanings can not be
derived from their morphemic components. Loan words such as N-N
EF (/muio-tuo/; “motor”), N-N "84 (/ma-fei/; “morphine”), V-N i
(/ké-han/;“cham”) and some dissyllabic morphems such as N-N #ik

(/chan-chi/; “hoptoad”) are examples.

(Words with weak semantic transparency) These can be further classified into

four types:

e Appositional compounds:
Words whose two characters stand in a coordinate relationship,

e.g. N-N ®# (‘east-west’, “thing”).

e Lexicalized idiomatic usage:
For such usage, each word is an indivisible construct and each
has its meaning which can hardly be computed by adding up the

separate meaning of the components of the word. The sources of
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these idiomatic words might lie in the etymological past and are
at best meaningless to the modern native speaker. e.g, N-N #xK
(‘salary-water’, “salary”), V-V B®%& (‘burn-sell’,“steamed dumpling”),
V-N %% (‘over-egg’,“be finished”)

e Metaphorical usage:
The meaning of such words are therefore different from the lit-
eral meaning. Some testing data are not semantically transpar-
ent due to their metaphorical uses, For instance, the system as-
signed N-N #& (‘throat-tongue’, “spokesman”) the SC of the N-
N #8(‘throat-head’, “larynx” ) (Bk04), the correct SC provided by
CILIN is, however, based on its metaphorical use (Aj13). The same
is with instaces such as V-N B 2 (‘open-mouth’, “to say it”) vs. V-N

MO (‘close-mouth’; “col”) and so on.

(Derived words) Such as V-V #% (‘enter-directional suffix’, “enter”), V-N 3t
5 (‘play-particle’, “play”) and N-N £F (‘nose-suffix’, “nose”). These

could be filter out using syntactical information.

(The coverage and quality of CILIN and character ontology) Since our SC sys-
tem’s test and training data are gleaned from CILIN and the character
ontology, the coverage and quality of these resources thus play a cru-
cial role. For example, for the unknown compound word &% (‘disturb-
disturb’, “be in tumult”), there not even an example which has 1& as the
first character or as the second character. The same problem of falling
short on coverage and data sparseness goes to the character ontology,
too. For instance, there are some dissyllabic morphemes which are not

listed in ontology, such as #4 (/jiyi/;“covet”).

From the perspective of quality, there are some semantic categories
predicted by the system which may sound reasonable to the native

speakers, but happen not to be the correct answer provided by CILIN.
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‘ Compound types ‘ level 2 ‘ level 3 ‘

V-V 47.80% | 43.60%
V-N 45.00% | 39.00%
N-N 78.50% | 74.50%

Table 6.10: Accuracy in the test set (level 3) after syntactic filtering

For example, V-V #47 (‘pain-hit’, ‘lash out’) is assigned to the category
(Hb08) of ##% (‘pain-beat’, “bitterly hit”), whose CILIN SC is Fa01;
V-N ¥ (‘help-hand’, “helper”) is assigned to the category (Hi36) of
#F (‘aide-hand’, “assistant”), whose CILIN SC is Aj09, etc.

Incorporating Syntactic Knowledge

As mentioned previously, we adopt the traditional Chinese philological defi-
nition which supposes a compound word to be a word made up of two char-
acters. The data that are ramdomly chosen from CILIN therefore include four
frequent types of words listed in Table 6.1. From the modern linguistic point
of view, some instances can be processed by the separate syntactic module.
By filtering out derived words (bound root or root word plus word-forming
affix) and grammatical words (word plus grammatical affix), the new result

is shown in Table 6.10.

6.3.7 Evaluation

So far as we know, no evaluation in the previous works was done. This might
be due to many reasons: (1) the different scale of experiment (how many
words are in the test data?), (2) the selection of syntactic category (VV, VN
or NN?) of morphemic components, and (3) the number of morphemic com-
ponents involved (two or three-character words?).. etc. Hence it is difficult
to compare our results to other models. As set up at the beginning, in order
to make the results more comparable to a certain degree, we have chosen the

same number of test data with other similar works, which report the best
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‘ Compound types ‘ Our model ‘ Current best model ‘

V-V 43.60% | 39.80% (Chen 2004)
N-N 74.50% | 81.00% (Chen and Chen 2000)

Table 6.11: Level-3 performance in the outside test: a comparison

result on this task to my knowledge.

Among the current similar works, Table 6.11 shows that our system out-
performs Chen(2004) in VV compounds, and approximates the Chen and
Chen(2000) in NN compounds. However, in comparison with Chen and
Chen’s model in NN compounds, some critical points should be noted: (1).
they evaluate the system performance by examining the semantic classifica-
tion manually, (2). the level accuracy is not clearly stated, and (3) the test
data do not constrain to the two-characters words. Three-characters words,
such as BAE# (‘photography-machine’, “camera”) are also included. In Chi-
nese compounds, most of the last characters of these three-characters words
function as suffix, and they often provide a very strong hint for the syntactic
and semantic information of the whole words. It is therefore definitely easier
to be correctly guessed. The comparison with Chen and Chen’s model should

be only taken for reference.

6.4 Conclusion

The approach proposed in this chapter stemmed from our desire to answer

questions such as:

1. How does Hanzi-concept set participate in the interpretation of the

semantic classification of compounds?

2. Would this model/system also work best for all kinds of other com-

pounds? and

3. Which parameters govern the models?
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In this Chapter, we propose a SC system that aims to gain the possi-
ble semantic classes of unknown words via similarity computation based on
character ontology and CILIN thesaurus. The simple scheme we use for au-
tomatic semantic class prediction takes advantage of the presumptions that
the conceptual information wired in Chinese characters can help retrieve the
near-synonyms, and the near-synonyms constitute a key indicator for the
semantic class guess of unknown words in question.

The results obtained show that, our SC prediction algorithm can achieve
fairly high level of performance. While the work presented here in still in
progress, a first attempt to analyze a test set of 800 examples has already
shown a 43.60% correctness for VV compounds, 39.00% for VN compounds,
and 74.50% for NN compounds at the level-3 of CILIN. If shallow semantics
is taken into consideration, the results are even better.

Working in this framework, however, one point as suggested by other
ontology-based approach is that, human language processing is not limited
to an abstract ontology alone (Hong et al. 2004). In practical applications,
ontologies are seldom used as the only knowledge resources. For those un-
known words with very weak semantic transparency, it would be interesting
to show that an ontology-based system can be greatly boosted when other
information sources such as metaphor and etymological information inte-
grated. Future work is aimed at improving this accuracy by adding other
linguistic knowledge sources and extending the technique to WSD (Word

Sense Disambiguation).
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Part V

Gaining Perspectives
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Chapter 7

Conclusion

This chapter sketches the conclusion, a summary of contributions and some

envisaged future research.

7.1 Contributions

The goal of this research is set to survey the unique characteristics of Chinese
Ideographs. It is still widely believed today that the general trend in the de-
velopment of human writing systems is an evolutionary process that began
with the pictogram, evolved to the ideogram and ended with the phonogram.
The rationale for this viewpoint is mainly the assmption that Chinese charac-
ters lack precision. Some (Hannas 2003) even claims that Chinese characters
curb Asian creativity. A unifying aim of this thesis is therefore to re-estimate
of the role of Chinese characters in scientific theories of meaning/concept in a
formal way, especially with respect to concept-based information processing.

Though it has been well understood and agreed upon in cognitive linguis-
tics that concepts can be represented in many ways, using various construc-
tions at different syntactical levels, conceptual representation at the script
level has been unfortunately both undervalued and underrepresented in com-
putational linguistics. Therefore, the Hanzi-driven conceptual approach in

this thesis might require that we consider the Chinese writing system from
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a perspective that is not normally found in canonical treatments of writing
systems in contemporary linguistics.

The HanziNet, which we constructed and introduced in this work, is the
first lexical knowledge resource based on Chinese characters in the field of
linguistic as well as in the NLP. In addition to the contribution in the area of
Hanzi teaching and learning, we believe that, introducing conceptual knowl-
edge information encoded in Chinese characters to conceptual modelling is a
viable process. An experiment concerning with sense prediction yields sat-
isfactory results as well. This said, it has to be conceded that HanziNet, as
a general knowledge resource, should not claim to be a sufficient knowledge
resource in and of itself, but instead seek to provide a groundwork for the
incremental integration of other knowledge resources for language processing
tasks. In order to augment HanziNet, additional information will needed to
be incorporated and mapped into HanziNet. This leads us to several avenues

of future research.

7.2 Future Researches

Although still in its infancy, I believe that the HanziNet proposed in this
thesis could eventually provide important insight into the problems of un-
derstanding the complexities of Chinese writing systems and its interaction
with Chinese natural language. In the long term, I would like to extend the
current research to cover other linguistic levels and writings. The following

are some suggestions.

7.2.1 Multilevel Extensions

In this thesis, HanziNet was used as a general knowledge resource for building
conceptual models. In future, the architecture of this archetypal implemen-
tation of HanziNet could be used as a base for a much larger, yet more

specific, reusable knowledge library. This reusable knowledge library could
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be viewed as a multilevel repository based on the specificity, or refinement,
of the concepts found at the most coarse-grained level of description, e.g, as
a set of static knowledge sources, vis-a-vis other lexical and domain knowl-
edge resources. This might involve the combination of a lexical knowledge
resource (such as Chinese WordNet), and an onomasticon or lexicon, in which
the knowledge is typical of a specific specialized domain but whose specific

meaning cannot be found at the lexical knowledge level.

7.2.2  Multilingual extensions

Upper level ontology is language-neutral. In this thesis, HanziNet has been
proposed as an important knowledge resource for Chinese NLP. With more
experimental testing, it could also have the potential to make significant
contributions to multilingual studies. These might include: Mapping CSH
to Indo-European Word-roots;' Hanzi sense disambiguation among CJKYV,

and so on.

7.3 Concluding Remarks

In conclusion, a tentative computational theory of Chinese characters was
developed, taking advantage of the abundant information contained within
the characters themselves, which has not yet been widely recognized by most
Chinese computational linguists. In doing so, an enriched semantic network
of Chinese characters (HanziNet) is proposed, and was proven as useful in ac-
complishing specific NLP tasks. Due to the approach employed, with its con-
siderations of borderline aspects in computational linguistics and cognitive
science, this approach marks a route for a future Hanzi-triggered concept-
based inquiry to complement a statistical approach to NLP.

However, the construction HanziNet, both from theoretical and engineer-

ing viewpoints, is still in the early stages of development. There are many

1See the American Heritage Dictionary of the English Language, 2000.
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details yet to be discovered and discussed. This work has only begun to
scratch the surface of such spadework. Though not completely developed,
I hope that the primarily representation of this work can at least shed new
light on new findings of old problems, and will thus serve to stimulate more

research in this new scientific field.
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Appendix A

Test Data

Uy swokskok sk Kok kK ok ok ook Kok ok ok KoK oK ok ok ok oK ok KoK K ok oK ok o ok ok ok K ook ok K ok koK ook ok K oo
% NN 200

% (level-3 accuracy)

% -> wrong: 55/ right: 145 ... 145/200= 72.50%
% (level-3 with syn filtering)

% -> wrong: 51/ right: 149 ...149/200=74.50%

% (level-2 accuracy)

161/200= 80.50%

% >k >k 3k 3k 3k 3k 3k 5k 5k 5k 5k 3K 5k >k 5k >k >k >k >k >k 3k 3k 5k 5k 5k 5k 5k >k >k 3k >k 3k 3k 5k 5k 5k 5k %k >k >k 3k 3k 5k 5k 3k 5k 5k >k >k >k >k %k >k %k %k %k >k 5k

% -> wrong: 39/ right: 161

Bk04 ¥ An03 ¥KBE Bh12 Dg03 i%
AAcO3 #A Ec02 i AnO1 FEHE
DDn10 ZFt Ael13 B4 Bi07 JEM
BBh11 ftH Dc03 X DhO1 AkO3 JER
AAdO3 EH[H] Da21 Be06 IBIi B105 %%
AAel0 EHE Ba08 &Y Da09 KK
DmO7 FREH Af04 JEF Ae10 &
BBa04 &) DmO4 {FEE Di25 ¥kid
AAel5 #E& BiO6 #tF5 Ga01 #X
Ahel7 %15 Bi21 #E&k Di14 RJE
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EEb25 Frikf
AATO2 fEA
BBfO1 Vk¥E
AAhOS fHA}
AAhO8 KFE
AAhO9 ffllt.
DDg05 HfE
DDA05 &
Dc03 EH

DDf01 Df02 /[y

BBqO5 #iF
DDi02 VLI
BBi08 %,
DDk29 E.h
BBkO2 HEMS
BBk13 Hit
BB103 HZ
DD103 fi
AAf10 EEE

BBk09 Bn19

BBp33 i[>
BBk04 AF
BBp19 fHZ
AAgO4 BFE
BBp13 AKff
DDjO7 E
Bm02 #i#&

AAbO4 HEH
BBo21 £
BBri13 Zf#

Bk02
Db09
Be05
Bg02
Bh12
Bk04
Da21
Db06
BiO6
Djo7
Bil2
Dk19
Cb06
AeQ7
Bk08
B103
Bp18
Bp17
Bil9
Bn03
Bp20
Da07
Bq03
Djo4
Dk03
Bn08
Bn24
Bp18
Br02
Bp09

R
Dg07 P&
P
NEEAS
K
Hi42 Of
KiE
Db07 HH
W&
Kb

=k
[ZI0

Cbl4 2
R
e
HR
2t
i
i
K
R
B
i
<
HRA
R

gl%l

Bil8
Di02
Cal4d
Bn01
Dk30
Bnl1l
Bi13
Bnl1
Dk11
Bf02
Af10
B101
Bk08
Af02
Bil9
Af10

S5
B2
Fic
FE
BT

2
JEE
R&
R
il
(8

Bn22 =

Bq03
Bp10
Bri2
Bn22
Bn23
Bn24
Dj05
Dk31
Dk18
Dk20
Ca09
Cb08

Bo27 Bp36 &T Bro04
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DDa21 JEik
CCb18 IEHh
BBo25 Hiilf

DDcO4 De04 Df14 HRE Bil6 yajE

BB103 HRFR
CCb25 Di02 #B$R
DDm04 8k
BBhO2 F7E

DA15 #ifE

AAe10 Dil1 FEHE
AAel7 T4
AAg09 AHZE
AAj13 MEE
BBro8 vk
BBqO1 #ff
BBri3 %
Bm04 -+

BBk03 HZ
BBp13 Fi#A
BBhO7 ZH
DDfO1 ¥
Bk05 %L
DDf14 F&
DDb06 #iH
AAnO7 R

Bk03 &F

AAel15 Dk03 PGB
BBo15 f#E
HHgO7 H#
BBo22 #fift

Ab0O4
Dk03
Cb18

Bk13
Bg09
Dd05
Bn03
Ae03
Bm04
BgO1
Dh02
BoO1

Bri2 ¢

Bq02
Br09
DjO7
Bp33
Da09
BhO7
Bf02
Bd02
Dil4
Dk09
Dk20
Dk27
Dm04
Bk11
BhO6
Dk29

%
L

BE
£
57
Bi
KF
e
vk
REE
FEFE

i
FR
B

Bil0 #&%k

B
EilE}
LE
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Bk14
DmO7
Bk17
Dk02
Bk13
BmO1
Dk06
Aal1
AiO1
Dal4d
Ak03
Da21
Bp12
Aj11
Dj08
Bri4
Bri19
Dd15
Bq03
Bp23
Bh09
Dk05
Eb23
AbO1
Bn23
Bq05
Dk29
Bk17
Bm0O4

K

Firfi e

B

HEE AR

i

HE

&F

R

BaO1 Da28 ¥l
Sl

Dd02 Di01 Di20 FJ%
1

Df05 RiF
Bp35 Kk

BE

HE

NS

i

e

JEAK

K

ZIit

Dk06 Ff}

K&

Ab04 Af02 Ah14 Y BH
T

ik =2

HEl

AN
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BBk09 T

Aal1

BiO1l &4

% 3k >k 3k 3k 3k 3k 3k ok 5k 5k 5k 5K 5k K %k >k >k >k >k >k 3k 3k 5k 3k 5k 5k 5k 5k >k 3k >k 5k 3k 5k 5k 5k 5k >k >k >k 3k 3k 3k 3k 5k 5k 5k >k >k 5k >k >k >k >k %k %k >k %k >k k

% VN 100

% (level-3 accuracy):

% —> 37(right)+63(wrong) -> 37/100= 37.00%

% (level-3 with heuristic filtering):

% —> 39(right)+61(wrong) -> 39/100= 39.00%

% (level-2 accuracy):

% —> 45(right) + 55(wrong) -> 45/100= 45.007%

% 3k 3k 3k >k 3k 5k >k >k 3k 3k >k >k 5k 5k >k 3k 3k >k >k 3k 5k >k 5k 5k 5k >k 5k >k >k 3k 5k >k 3k >k >k %k 5k >k %k 5k >k >k >k >k >k >k >k >k >k >k >k >k >k >k %k >k >k *k %k k

Gb01 #Hi:

Cb22 ZUA

Bi0o7 A
HHgl1 =
Cb21 M

Ib09 fEZx
Hc25 If07 BBE
Hg09 &
EEd06 1E#K
HHhO5 FAEK
Gb11l
DDa08 If03 Ei&E
Hgll #EZE

$

HHi02 &3
DDa09 Ef09 3Ei&
Hi55 BiA

Aj15
A104
HfO7
Dj08
Hc28
Hj52
Hi40
1£06
Hi63
De04
Ib15
Tel4
Hi10

Gb10
Hd23
BmO7

RER
Ba08 &Y
BRI
Hill REZK
Hjl1l ¥
BT
Dk11 %55E

=1
BE
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Da08
Bo22
He09
FbO1
Hno1
If11
Gb20
Hg08
Hj55
Icol
Hg19
1d03
Fa01

Hk48
HeO8
Ed24

Buz: ]

A

If24 DjO8 &%
TR
B3R
%
Bl
Hgl0 3
2
IR\
BUE
Nl
Fa29 Hi44 Hj12 Ig01 &

i
i

Bl
RI&E

Zhg



AmO1 fEE Hjo4 EH Ha06 ik

Ahel7 FRE Ael5 FE#E Ed43 B

Hi12 %EE Hils &% Ee42 1A%
AAnO6 FEHR Af05 [T Gb17 RO
BBAO1 #%c Gald Bl EdO7 Ed48 fFE
AAkO5 Eel6 BHH Hg19 #%fn Bn03 i Z

Bpl3 #HE Hg21 Fi%E Hg20 &R
BBp19 #H HhO3 At Hg20 Hj22 #&#
BBmO9 5[4 Ib08 &R If05 H4
CCa04 Cb20 RBAO Hi18 [H3E 109 BH
AAfO7 RIA Hil4 £H Hn10 8%
DDa04 %E Fc04 Hi42 TEWE

Ee24 fHifE Iel6 FREL Hi19 Hi41l W
DDj05 X Ka01 E Hil9 W4
DDi25 #Jik Ib03 If22 5% If18 4k
HHAmO6 il Hi36 #BF Ee34 ¥
FFc03 /8 Hi39 #idy Fc06 Hil2 1AM
FFa0l &F L03 EX

% 3k 5k 3k 5k 3k 5k 5k 5k 5k 5k 5k >k 5k >k Sk >k Sk >k 5k >k Sk >k Sk >k 5k >k 5k >k 5k 5k 5k 3k >k 5k >k 5k >k 5k k 5k 5k >k 5k >k 5k >k 5k >k >k ko k >k sk ko k k
% 500 VV

% (level-3):

% —> 210(right)+290(wrong) -> 210/500= 42.00Y%

% (level-3 heuristic filtering):

% -> 218(right)+282(wrong)-> 218/500= 43.607%

% (level-2):
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% -> 231(right)+269(wrong) -> 231/500= 46.20%

% >k >k 3k 3k 3k 5k 3k 5k 5k 3K 3K 3K 5k %k %k >k >k >k 5k 3k 3k 3k 5k 5k 5k 5k >k %k >k 3k 3k 3k 5k 5k 5k 5K 5k >k 5k 5k 3k 3k 5k 5k 5k >k %k %k %k >k %k %k %k %k %k %k

Ef02 S Fa08 i
Fal0 A% Fc04 [alff
FcO4 fiiFE Ga0l
Fc04 Gb0gs #HH Gb08 BH
Gb08 B Fd04 Ea08 #&h
Gb09 #EE Fa01 #£4]
Gb10 #BIR Hi33 HEE
FFc04 BlE Hi32 ZudH
GGb03 HEAH Gb06 ¥E7H
Gb03 fEE Gb03 fhEt
Fc04 #HHEF Hi05 &HE
HA05 Fa27 YAl Gb10 f&IR
Fd06 #EH Hi32 ZudH
Hb06 #EE Cb03 #iim
Hi03 ## Hi10 RiZ
Hi12 AL 1d22 iR
Ie03 #1 1d25 #Al
Gb03 il Hi03 &
HHi05 &R FbO1 HiO1 #&)
Hi33 #EZF Fa30 Gb12 Hi12 Ido5 fHfE
I1d22 b Id14 #E
HHi37 EE Hn03 #E#

Id21 EFH Fa30 #El
Id14 #% FbO1 #F
I1d14 ¥ Hi47 ik
FFbOl &4 Hi40 &
Fbo1l b4 Ie07 RIH

243



Hil12 &k Fa0l &

Jdos B Jdos IR

Fa21 ik Jdos HEK
Hjo1 f&fF Id11 Fi#Eh

Ie08 i Id14 ##EE\
Ie05 Hith Ef01 Ef13 AL
11d08 P Id21 Hi#B

1d10 ME&} FaO1 ffiT
FaO1 AT Jd08 Hb13 Jd10 WK
HHi12 Pk Id12 #ig

Id11 ¥& Fd05 Bk
Hi13 {H##% Ef13 Al
Fc04 Hj26 BFE 1d18 fH:&

Fa32 Id14 #E 1d15 iEfE
Fa07 ¥ Gb04 Df08 7Y
Gb03 il Fa30 Gb12 Hi12 Id05 f&EME]
GGb10 JEKFE Hidl i
Gb1o iR Gb10 JBRZE
Fa32 Id14 $# Hid1l HE&m
GGb10 HE%E Hj56 28

Hi02 FR Gb03 JH7H
HiO5 F&[H Gb04 T
Gb04 FHK Hi32 fFF\
Gb05 E# Hil2 #i71
HHi12 EEAI Gb10 f&IR
GGb0o6 fE& Ic04 HE

Hi12 & Ido3 EE\
Ic09 fREE Ic09 3t
Hi40 FEFF\ Gb03 HEHI

11d02 [Efd

1d03 B
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1d03 #HE
Je03 ihg
JJe05 #&¥F
JJe08 ZEH
Je08 ik
Je04 P2
Je04 B
Je08 Gb16 M
Jell Zff

Gal7 Je02 Fa29 f&E)

1d12 3%
Id12 &
GGb06 B
11d13 ##&
I1d14 @\ il
Hi12 ¥
GGb06 i
1d05 Wi
1d02 i
I11d18 &F|
11d18 75
FFa09 Id06 #TiT
1d04 K&
HHi01 #fE%S
Gb0o1l #ERE
1d07 M
11d03 [&fik
FFa19 I
FFc05 EER
Gb09 M=

Ic04 #REk

Jeld HcO7 W%
Je08 R

Jeld tHZ

Je05 #F

Jel0 RE

Jel0 BZ

Gal7 DfO1 /X
1d03 3

1d03 EZE\
1do8 ##E\]

Gb05 Ft&f

Hi12 %%

1d13 F&

Gb06 B
Hi10 B

1d02 Z&H

Gb09 HEE

1d03 SEfE

1d18
1d18
Id15
Hi02
1d07
1d07
1d18
Hi02
1d0o5 [E¥%
Hi18 5
1d05 45

ey R EE
dE0EFEEE
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11407 %37
11405 #¥% Hi02 #HRA
11405 M

I1d18 fH:%

11d06 18

Id20 [HZE

11d05 #F

1d20 k2

1d06 HiiE

1d20 FAZE

Id21 S

1d20 f5zE
JJd10 Fa21 f#k&
Id21 &
11d23 44

1d25 &

Jd1o k&

Id21 5k

Call Hj63 #EF*
Hj64 #E
Hj19 EA
Hj64 H7k

Dd15 Fc10 IcO1 M5
Hgl9 #hig

Gb04 Gb12 fHY
Fc09 MEn

1d06 %%

Gb18 =

Hi18 #Ff
Hc24 3%
1d18 &
Id21 B&E
1d20 5
1d07 FE
1d07 f&H
1d07 HiK
Id21
1d23
1d24 s
1d25 EHE
1d25 R
1d23 EfE
1d25 13
Id23 EE
1d23 EfE

Hi40 Bt
Hj19 fOoA
1do2 MTF
Ja01l B

Jd11 KE
Fal3 5R#
Hc25 f£H
Hc24 BEH
Gb03 #HE

—

Gb10 =L
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Hgll #%

FaOl J&fT Br09 ##H HhO4 HM
HHc20 #&FF Hi25 H& Hi25 F3R
FFc10 R Fd02 K18 Fa31 iR
HHi40 &% Gb17 EiE Hi02 R
HHj38 #i Ga0l EH Dd15 EfE
GGb09 Gb13 EH Hi02 Hi25 7Fit Fa32 #i&)
EEd24 HiE Hi21l #% Ag04 EIE
HHkO1 FEIH\ Hjo2 & HhO1 ¥
FFal15 #5HX Ga01l = Df05 Gb09 EfE
GGa01 Hi36 & Iel3 #E{T
FFa34 Hi60 Hj59 #%t5% Hi36 HEHif Jdod fRE
HhO1 #M&# Hi38 E Hil6 ff#
HHfO5 & Jdos HE Hil6 fR2
HHcO7 Hcll 7% Hc1l #HEffi Hjo7 FHIiC
JJd05 Gb18 fiE HcO1 fiftt HmO5 AL
JJdo1 fr& Hc02 Kal5 A% Ib04 [ERE
EEe39 fR5F HmO6 A Hj28 f#H
DDi24 Kal5 f#&% Hc04 Hj28 f#nk IcOl BRI
HHj40 fRFF 1d20 Bi& FcO5 JiiE
Hj15 # HA04 Hj35 HmO7 ¥ Jdo1 fR¥E
11404 fHfE Dald Da24 Ui Hi37 fRE
HcO7 AR Hel2 #if I1a08 J&JF
Hil6 R He15 #RE| I1a08 1d06 MB#H
Hcl5 #iJE FbO1 Fht Hc25 fiFHY
HHj40 {7y Hgl6 fmig Hi62 #H1E
DDk23 ff% Fd08 #Ze Ib18 il
HHj28 fi& M HmO5 R Hgl6 Hj58 #Rit
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EEd22
HHe04
DDk23
ITd11
HHg16
11406
HHbO2
HHj10
EEel0
HHb13
BBe05
HHc22
JJdo6
AAel7
HHd12
FFb0O1
HHc12
HHe25
HHi14
IThO1
HHib5
HHhO3
HHj19
JJe04
HHa06
GGal6
HHi60
HHbO3
HHc20
ITh06

T
g
AR
Hj38
w5
fz ek
123
S
Hi60
HhO3
Hj20
HiE
Hb12
#1H
L
WHT
HmO6
BAK

Jeld &A%

Ed22 Z¥i
e

sny=i

3
N

Jel12 EHY

B

HbO1
Hi39
Hb03
Hi29
Hi29
Hi40
Hgl7
Ael6
HcO1
Hil4
Fd0o8
Hi02
Di20
I1£22
Hc21
Hil4
Hg12
Hgl7
Eell
Hc25
Fb01
Hc14
Hi41
Hi47
Hj38
Ig02
Gb08
Hc14
1do7
Hj66

e B

Hi50 fEi0
i

HRIE

HE

wE

bR

i

Ja03 iR
1z

R

Hj59 Jd06 FIH
AHIE

RE

xE

Hi02 Hj56 ZR
=

iy

HZ B

RF

Bk

Fhem

st

Frid

&

Jc06 Ei&E
HmO6 #7E
I

1d25 iR
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Db01
TeO1
Id05
Dd06
Hgl2
Hc18
Hil3
Dd15
Gb12
Hc25
Hgl7
Hj38
HhO3
Hi21
HbO8
Da02
Fb01
Fb01
IhO1
Hi41
Hi34
Ta09
Hj08
Fall
Hi23
Dg05
Id15
HbO3
Hc27
Ha02

hiE

11

Di09 HAd12 Hgl7 #wEl
2%

2

Ja02 FHIF

2R

ik

ThO1 Th02 %
Fi

Th02 %5

R

=

e

&

Ib17 Id20 JeO7 2
]

Jho4 &R

BE)

I

HE

Hb03 X#T



Hj47 %E

Hc19 B

Kdo4 1fid

HAO1 #¥

EEb23 i&[€
Hi37 #EH

Gb08 JE4

Hel0 Hi27 ffHi
HHj30 Ie08 &
Gb06 [EIfE
AAc17 48
EEb27 Ed39 i\ 18
HHel4 If24 E5K
Fco4 BER

Hf07 Id21 HERE
Hi13 &t

Ba07 &%

HHi58 MR

Hc20 #E

Fa01 #HIT

Hi49 HKER

HhO1 HERR

Hid6 T

Hc24 BT

Hi6l #%&

Hj25 B

Hi25 KR

Hid5 JEf#

Hg18 flgk

Ha06 Hn03 ##E

Hm10
Fa26
Hcl2
Gal7
Ie02
Hi38
Hc18
Hi34
HbO8
HcO05
Ael2

i Kas
)
Je02 BH)
TR
e

I1c05 Je06 B

BE
Al
Hb04 ESF

Ha02 Jiik

Hi26
Hg19
Je12
Hi58
Hj61
He03
La02
Hi25
Hc07
Ja05
La03
Jd10
Dg05
Da01
Hi34
Hg18
Gb16
Hc05

EEHE
i
AN
P
Z&t
B
|
Kig
K
gk
JE#
S
Gb06 ZEH}
Dal4 P4k
oIE

FEx

2.t

HA02 3

R
fi
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Hi24 §TE&
HAO1 Bk
Jel1l BhH#EE
Ed23 Ia12 Iel2 JEHK
Hi06 Ie09 #3l
Gb23 K
Hb13 #:R
Hb03 X
Hf03 B
1d24 f#E
Hc11l Fiffi
Fd09 MiFE

Hc25 §#HY
Hi54 1c03 £
Fdos JefT
Hc20 #l
Hb09 Je08 ZEH
He03 ftHIA
Hbll Hn10 1215
Hbl4 8%
Dk11l Hi34 #4
Hn03 #&#h
Hj51 K#EK
Dd04 Hj26 &7
Hj38 &K
Hel5 Ed39 Hel5 ftZ
Jd10 #H#
Hi34 B
Hno5 ##&

3

Jdi1 &



Jel0 BE Kal9 #H Hgl0 Wil
IIa09 % Hb04 %P5 Jel2 HEY
HAbOG 5 Ga01 %A Hj38 PO
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Appendix B

Character Semantic Head: A List

CSH CSK code Character Examples
H (sun) G, B, BiE, BRY), —K HA
F (door) EER, MO, X, NEW, 2% | H
A (moon) wt, Hig, BEx, B, =+X | B
A (meat) TEF, FiR, BH8E S, Thee FE
F (bone) TER, B, GHis, X# B
B (shell) TR, BHE, /1N, B0, MELH o
B (eyes) B, B&, /N, BREHRE, £ | R
% (gold) FOt, s Ew, BAY), MEH | 5
A (wood) RV, REEE, 8%, MEH | &
% (leather) B, R, &Y, MR | #%
K (water) \EM, e, BAY), £2F/H | W
K (fire) JCEN, HE), R, BAY), £TFH | &
K (rice) B, 8, N, 7EY), A5 K
+ (earth) NEW, LEEE, BRY), MM | =
& (walk) BfE, MENRA, EHRE £EH | 8
7 (bamboo) RGBT, BRI, Y, RAE | %
H (white) JerE iR, B, VRN 59
& (cereal crops) | &, ¥, B/, 15Y), £HFH iz
& (body) REW, B8, BV EEL i
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CSK code

Character Examples

ER M, Bwalie, RARE, GRE
NEETER, BRRE, £5E%

ME, BARK, B, £ A
REF, &K, /N, BRERE, £OF
ERf, WE, BARK, EERT
R, W&, K, K&, 2@
R, BE, K, Ai&EY), HEikH
TR, IMIEE, &E, BR A
RAY, BEE, K, Ni&EY), REH
Wk, EE, K, BRY), A&7
R, WE, K, AiEY), 2GEH
e, BN, 1B, £FH
KERE, TEFE, AHAR, £FRE
TR, BN, B, B, AiEH
TEW, Z20LE, NéED, wmig
T, &, N, K&, ke A
L8, AIEY, /N, B, BHETDRE
REFIEE, /N, &, AiEY), TIEH
i, BmmH, Bk, TIEA
R, BE, K, Ai&EY), HEikH
BT, 5, WG, BARE, RIRERR
TEW, ZBEEE, BRY), Mk
FEHRE, TIF, AR, LR
TEW, B, BARY, N&EY)
BPOEE, WK, BER ED

i)
7
Gan
G
i

fiE

piAS

2N

[

i

Wb

s TF A E =
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CSK code

Character Examples

(capital)

S, B, NiEY), B
R, B, BRY, AEY
B, /I, FERRE, B

HHEERE Y, K&, REFY), £FH
R, B AR, &Y, W
Wi, ARk, BRY), NEY)
TER, N, ), £1EH
WRIEL, AIE), A, [
TER, BIRE, ML, £FH
B, 7E, BRY), £FH
O, 8, N, AHEEE, £FH
F, &4, /N, £HKE, £EH
O, K, /N, AESE, £FH
R, &8, &, £H&E, £1EH
e, mA, 8, 8%, TEM
MER, v, SR, REH
HiE, &4, /N, BRERE, B8H
NI, -8, /N, 1Y), AR
e, IBRE, BEX, BRY), £FEE
WREIL, N, R, B
M, 8, 4, A&V, vEH
T, #k, K, ZHEE, £7FH
Zef, B, Z2MHEE, i
ez, AR, YIFRIRE
ZRNR, BIRE, ZM1TR, E&
B 6, e, thada, £EH

5

XN E N R

g&ll

253




Appendix C

Character Ontology

0

00

000
00000
00000A
00000B
00000C
00000D
00000E
00000F
00000G
00000H
000001

00001

00001A
00001B
00001C
00001D

OBJECTIVE DOMAIN
ENTITY

BEING

SUBSTANCE

CHEMICAL : $SRSRSSH Emsarift & &

ELECTRIC : EIFH

AQUATIC : WFERE BB EIEL
TOPOGRAPHY : ¥ [ 5 B R Ik ST 530 12 49 ey 12 V.
FORM : JREAERERWY BRBHEER TR
BORDERING SUBSTANCE : /5 1t s ik &5 Igd ¥ ke
MATERIAL : MHSEIEEREIEERETR

ENERGY : JHIVA#ZRMEARHRME I IS

LIVING ORGANISMS : ABREf HafEa St

FLORA

FOOD PROVISIONS : TARHHEMEZEBRIRERMESER\\_ EX
VEGETABLES : BiZiinis sudAi i _H#E _Z N

FRUITS : MBI A A A A I W R B2 5k
PLANTS FOR BEAUTY : Z%HERAMBRAGIIRELE
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00001E
00001F
00001G
00001H
00001I
00001J

00010

00010A
00010B
00010C
00010D
00010E
00010F
00010G
00010H
00010I

00011

00011A
00011B
00011C
00011D
HHIR AR

00011E
00011F
00011G
00011H

TRUNK : ZF B BRARE R AT E AT AR MO R B s SRR EAR _ = ARl
BUILDING MATERIAL : FHIBHEEIFMEMZ R

TECHNICAL CROPS : FZREAIGHEER =M
PHARMACEUTICAL : FEFMEIERFEFERMEREG

AQUATIC : BEE_RA

WEEDS : HE#HF

LIMBS
LIMBS : MIF/T5E 5 84551 5 B ke SR
STRUCTURE : [ BRASEGEE\ A BRI & X B

BODY SURFACE : H AR EHIEEENEREREEW
BODY FLUIDS : MhRE MR MihasfERn L1

SENSE ORGANS : & H HE R Mg H.ORIREE

ORGANS : iR e it 'S e hes o A

UPPER LIMBS : &5 &Rz AL i s B

LOWER LIMBS : HRMF 5 HE id e b 2 R RS

EXCREMENT : 3 bR 3 {5 it S5 A5 I R IR \

ANIMALS
BREEDING : MBiRZEHRZEIR A FHBIRIER

BIRDS : JRESIBHEE BHHEEELE

FOUR-FEET : ZE¥REBEAIVEIRETI\

WATER ANIMALS : e A e B8 e a1 K 4 B 33 _ e ] _ e e e

FISH - i 50 o L A ol . ol e fkh 8 0 Y A i 28 1V 8 p i
REPTILES : T #5/HEAs i /A ik s i

FLYING INSECTS : WfBtiins e afid it s o

REPRODUCTION : FEUNZEEMIEHINASIRLE + ¥
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000111
00011J

0

00

001
00100
00100A
00100B
00100C
00100D
00100E
00100F
00100G
00100H
00100I
00100J
00100K
00100L

00101

00101A
00101B
00101C
00101D
00101E
00101F
00101G

LEGENDARY : FEEEHEUBLER B2
MICROORGANISM : HE#_EHN_KE

OBJECTIVE

ENTITY

ARTEFACT

FOOD/CLOTHING

FOODSTUFFS : ERZKAHEH BESIELEH IR 68

MEET FOOD : i Mot i IR G B s Y E £ A
CONDIMENTS : FEBHESHEEEEAT

EATING STYLE : EKBERHEREFHEEREE\
DRINKS : ERFEIT B _&

GIFTS : WE_BH

FOOTWEAR - ¥t/ 8 ook i g e st it

HEADGEAR : MEEAT &IEKE MR EHREe s
MATERIALS FOR CLOTHS : #RZRHAMiARHE B ikl 748 _fefE
COSTUMES : #fifilfgiik

WEARING APPAREL : KR RIS HEIEHEE
PARTS OF A GARMENT : #H_HI48_#liigt

CONSTRUCTION

ENVIRONMENT : JERIRFIEFEFTEIERYS;

PRIVATE RESIDENCE : FEME&SEZEEEE

PUBLIC BUILDING : EBJSit B REEERIEYE

AFTER DEATH : EIEWEZ5EEBEEBRELZRE\

BUILDING PART : fEEREHEE QA MR EHE SR SG AT R A28 iR
CHANNEL : #EAE{CER R FE B FE R _ s
CONSTRUCTION MATERIAL : WEARAGFTIRY _KB_EF
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00101H
00101I
00101J

00110

00110A
00110B
00110C
00110D
00110E
00110F
00110G
00110H
00110I
00110J
00110K
00110L

00111

00111A
00111B
00111C
00111D
00111E
00111F
00111G
00111H
00111T

VEHICLE : fififif 2 B B A AR At A i Al
COMPONENT : [ P i i it s e WY A i AR
CULTURAL INSTITUTE : <FE§iCidgEtAT

RESIDENCE
GENERAL : #)5hE %%

EATING UTENSIL : FREMRL b Bl ik id i SN G
KITCHEN TOOL : Mkt esmuiss oa i i

CONTAINING UTENSIL : LiHuE %) & 7w il 7 o8

FILL UTENSIL : f_HE _HEFEaEXNREEER/R
DECORATION : SUZEFFINSEHIEIREREE MM _In\
HOUSEHOLD UTENSILS : #R#li5RtiRaRSR i i Ar gk B\
FURNISHINGS : SEEZERT¥ERmea_J a3 1 2Em il
WASTE MATERIAL : JRIRRENTEIGEENHEIEE

TOYS : FEERHEREMZS (R i B

BEDDING : i BEIRFRLAEIGIREE

CLEANING UTILITIES : =_R|_ &%

WORK
WRITING MATERIAL : FailEMERZLEHRESHRER
MUSICAL INSTRUMENT : ZEi#RSRSnstil o ils sifnre
POTTERY : W ZS3 3B a5k TLAE SRk

AGRICULTURAL TOOL: ER#F AR B g o0k oo X1 e 2
FISHING TOOL : ER$INHIFHEMHE

MACHINE : $#§ta8swania st is iR

WEAPON : /@RISR S ST X &I EES 1] 7]

MEASURING APPARATUS : #F3MERBIFKEET BT _TENS
CRAFTWORK TOOL : JJZBUHE#ik & S 558 15 SR ol sl ak e S 8T
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0 OBJECTIVE
01 ABSTRACTION (% SYMBOL. ¥ NUMBER. 14 GENDER. # CHARACTER.
f% RELATION. &EZ# MEANING. f&{# CONDITION. #|% INTEREST)

010 SPECIFICATIONS

01000 SYMBOLIC DEFINITIONS
01000A CLASSIFICATION : SR[9#iE &l BiEEs At

00100B ORDER : RZWT KCHEFEERT_EH_KVI

00100C NUMBER : —ZZ=PHA-L/\+HHERSEEREERRE
00100D TIME : #ZHHEKSWRINFSHIIAEREHEEZUKELE
00100E SPACE : R FHi#&AGMNSH RIS SHIE KT
00100F MEASURE UNIT : S KIEMIRK B R~ 45

00100F RATE : ZRILMIEHT0

00100H CURRENCY : Z/#EBUICE MK E T

01001 GRAMMAR
01001A MODALITY : A EEZBHEMEREESE

00101B IS-verb : ZBARTIREIEGEER

00101C PERSON PRONOUN : FRIBREMTRE&KRIKER

00101D LOCAL PRONOUN : 3E#BIt{%MR

00101E ADVERB : {HEGER/EBREEZEE Ry

00101F PARTICLE : #ZRBRMEENZ T EHTHISLEIEE

00101G ONOMATOPETA - VEJIW e nit RGP WS AT I I o K MBS e _ YA 8
00101H CONNECTIVE : XH:EFEEFIK[FEIRME_BE _GRI_KE _FrLl_R2 _I
HN_5

001011 PREPOSITION : HIUEMRIGTLERIER

00101J CLASSIFIER : j#[EIZR% B NRAIE I {7E
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01010

01010A
01010B
01010C
01010D
01010E
01010F
01010G

01011

01011A
01011B
01011C
01011D
01011E
01011F
01011G
01011H
01011I

0
01
011

01100

ROOTS

ORIGINS : FHRFZEUAR M EReNs

GENDER : ARHIE &R Bt

GEOMETRY : EhiRmE#SEERHER

POWER : HESEMIEERIRYIER

KNOWLEDGE CAUSE : EBRAFZREAREEER
ETHNIC GROUP : EJHGR[EIFEE k7t e
REDIDERE : AT ERESSENS B I BB TR AR IR N

PHENOMENA

ASTRONOMIC : RREEEH AL FHERSE
SURFACE : ﬁﬂiﬁ%ﬁ(ﬁﬂfﬁfﬁiiﬁiﬁw)ﬁ%&?ﬁ@\

FORM : F77%EEEMEERERER 1% TH B

SITUATION : EHEBRIFHEAZTEDZI\
LIQUOR : RIRVEHH BB a8 H

SOLID : /& EmEIIR O FLIRE I

FLUID : ¥ iR & B e b v

VAPOR : AVKABEEZEZENGESEERIES

CULTURAL : EUATEXLEIE

OBJECTIVE
ABSTRACT

APPLICATION

MESSEGE + INTERFACE
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01100A
01100B
01100C
01100D
01100E
01100F
01100G
01100H

01101
01101A
01101B

INDICATION : FStRERZHERFER
IDENTIFICATION : MERIE&F R E Fik
SIGN : TRMRIEIRE 75 f P MU s ha

VALUEABLE : {BEFHBMEFNEFZ\
TEXTUAL UNIT : HERETEEREES
TEXTUAL STYLE : BT e EZ R
DOCUMENT : MifiiAa (5 i S8 R T s AL
CERTIFICATE : HAZERERMNGIEERH

GAINS AND LOSSES f@#& (HMEAVIZEZRZEMH) EMOTION
(Characterized by) GOOD LUCK : SEi&%itHiBEillndig it
(Characterized by) SOCIAL VIRTUES: E{EEERMEIGRE{CAEER

B EF

01101C
01101D
&

01101E
01101F
e

01101G
01101H

01110

01110A
01110B
01110C
01110D

(Characterized by) ARTS : Eifiir 322 [E 25 X8 e Bl & S h 5K
(Characterized by) MONETARY VALUES : &iREIE BRI

SUFFERING from DISASTER : )0 SR iEimit3ErseE
SUFFERING from SICKNESS : JGiEEir/E RIS e i E

SUFFERING from INBORN MISFORTUNE : FOIEEfERE S MBS
SUFFERING from LIFE MISFORTUNE : f&E%4TE=JREHEAREE\

SOCIAL AFFAIRS
LEGAL AFFAIR : FEIEEGIFIARRIE P 2GR BRI AT A
POLITICAL AFFAIR : FHIKit&MFABRREBERK
BUROCRATIC : /el ml B R A aFk

POSITION : BEREHE BANFREZRERTFERRER R
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01110E DOMESTIC : BUERHH R ABMRBEER
01110F OCCUPATION : LRI EHEEEEWAKS
01110G BORDERING : ZBEFFRETHS (B ens A5 38 S ik
01110H FEUDAL : SBRKEVIE = BB RElSF

01111 HUMAN RELATIONS

01111A CONSANGUINITY : A R}EJEFIBELLIREHAR it Lk

01111B AFFINITY : {ERFEZIEMGFITCEEESREESEE

01111C RELATION : HEUFEME R ELNEBNERE K

01111D RELIGION : {ILffnfifak %0 A WIS 6k T, % _ & il
01111E GENERAL TERM : 58 SRR ER R EHEHRERR

01111F MORAL BEHAVIOUR : BB (R SEHERKEEFUIEM M _E LR _fiH
01111G PRINCIPAL AND SUBORDINATE : ##EEFRGEMMEEANETE
01111H FEUDAL TERM : EFEEGEHEL_KF_MEERAGETFEERFHE
011111 GENERAL : ZRIRUEKECE RS

1 SUBJECTIVE

10 PERCEPTION : ## (stimulus). 73# (distinction). R (state). &
% (feeling). T2 (degree). HI® (impression). [Hf% (emotion).

100 SENSATION

10000 VISIBLE SENSATION

10000A BRIGHTNESS : HERfHE AiliRABAZE RS HFHE \

10000B CHROMATIC : B¥#kELHRKEXEEERT

10000C LIGHTNESS : i IEnT 25 7% BESE HE IRk

10000D QUALITY : BEERGIREZEEEREERTIR,

10000E SHAPE : ZPHEMEEERIE T IEERESH:E
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10000F BODY FORM : EERINEEFMERRAIE/INFEE
10000G SITUATION : SHrISIR 5% FIB IS S &
10000H STATE : Y& RuEE 5t

10001 OTHER SENSATIONS
10001A GUSTATORY : FAFH B

10001B TACTILE : HHAH Y& FE IR MR Y B0 R FBORE S B i i ot R T _ 8k S 2 [
il

10001C OLFACTORY : HEZH RBEMIHIESE

10001D ORGANIC : &6 48 (2 R uif ih 15 s A

10001E FATIGUE : fEI%5EWIZERESR

10001F AUDITORY : ZEMEER1A M A #HE SR

10001G LONELY SENSATION : {TEF@ZEEIERZ 2R _IE

10001H PERPLEXING : K{EIFRREVREILE R

10010 AFFECTION :The psychological features of the mental state of a living org
the psychological features that arouse an organism to action .
10010A PLEASURABLENESS : &RI&:&=IKPHIHE LM EEFRIGRHEF &7 HEi
10010B CHERISH : #fifiii &8 o G sE i e iR il

10010C DESIRE FOR HUMAN : EEEFRMEFEIENIEZEBAEER

10010D DESIRE FOR MATERIAL : Eif&835 8 B arigidetm e

10010E NERVOSUS : &.&_EiE_WE

10010F ANNOYING : RKFEMLHREERTERIRMENR\

10010G EMBARRASSING : & JER

10010H MENTAL SUFFERING : PElRIBIEMEHEEESER

10010I DETEST : HHEEEHNERREBERERETE

10010J REGRET : 1Rig_Mws 7Kg 108
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10010K HESTITATE : ¥

10010L DISDAIN : b5 A (A ss it
10010M BENUMB : JifiJiyc ke i
10010N RESPECT : fRIREHESE
100100 JEALOUS : #EIFFHH
10010P SYMPATHY : Wl¥[E1%aR

10011  (FB41) EI&R (impression caused by others behavior stimulus)
100114 (CBEM) - 18 &R LR R 22 i MR _ 15k

110011B (EM) QUALITY : FEEZEEEIEGHE\

10011C (B&M) FIGURE : FN{5 555 Mt b AT e

110011D (f71) APPEARANCE : WiEB{R{Eit BB %%k

110011E (EM) TAME : [HElgfEEiiEE

110011F (M) OUTER CONDUCT : BBMEZS(RIKERESIKIGIE

110011G (M) FEAR : BB (2 AL i

110011H (F&M) FEROCITY : ®ENXRIBRERNIFRE

1100111 (%) COQUETRY : {RIE#E

1 SUBJECTIVE
10 KNOWING
101 STATE

10100 MOTION (gravitation.operating force.anti-operating force, etc.)
10100A ROTATING MOTION : #230HAE &4 s 4 B ik AE

10100B DISPLACING MOTION : EBRBELGEELISERER\

10100C FORMED MOTION : R¥ER{HIEAHET ARG IF ™M fa b Sl ze
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10100D
10100E
10100F
10100G
10100H

10101

10101A
10101B
10101C
10101D
10101E
10101F
10101G
10101H
10101I

10110

10110A
10110B
10110C
10110D
10110E
10110F
10110G
10110H
10110I
10110J

FORCE MOTION : POWESTHEERNE O BN R ERE R

ENERGETIC MOTION : TRE%MBBRIER F7H 5355 HE
DYNAMIC MOTION : EEHRAMiANIE S % Rl ik

FLYING MOTION : FR¥RIZE RHEE T e

AQUATIC MOTION : JR¥iifHEMEMGICE EFBEEIZE\

STATE OF CHANGE/TRANSFORMATION

TIME STATE : #& &LV EERRR

SPACE STATE : BERMIEREAEESEZE

ENERGY STATE : BHRIEIR IS #E5 W i IR I
FORCE STATE : S&shga{cEBEIRIEZ) EE
CONTAINING STATE : JMZSMCZeA5EE R R B iy
CHAOS STATE : EMiciEE MRl ERBE
THRIVING STATE : HXHIZR R E T RRTE
INCEPTING STATE : JEiR4AEEFIEEF LT
CUASE-EFFECT STATE : &Z5|aPkiAHZE

STATE OF INTERFACE
OPEN : BHREERS @S

BLOCK : FAPARE S8 HE8 I 4 28 22 [ B i LA
CONNECT : EEf2fer B i i AL MG A B 1 & 20 WL A0 A
(S« SRR BRI RO FE AR EE

(B5D « BN BSOS

(BBFY) MRS UM R 2R AR e B ER 22
GRFY « &I e TE

VECTOR : B FHERBIEETZERE
QUANTATIVE : BRERZSESE

MIXTURE : RFEBBIEGEN
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10111

10111A
10111B
10111C
10111D
10111E
10111F
10111G
10111H
101111
10111J

1

11

110
11000
11000A
11000B
11000C
11000D
11000E
11000F
I R
11000G

11001

STATE OF RECOGNITION

(RFf) « RIAEAIER LEERR R 5Eh
(FEH - RE_EZIERGREESY
(Fi#) : BREERMEREHEE
(& 2)  RicEEEEREEER\
GIREB)  « R R M AR e v 5 VR B HR B Bk
(BH) : HERERESF IV RHLARES
(F13) : BB IEEE R R LA ERRTR
(FIF) - BEdEER Bl _RHAmBiERE
(FlF) : B EBEETERED

G - TI_MER Kk ks (BB _#E _EE

H

SUBJECTIVE

EXCITABILITY

(TREESD)

ORGANS ABILITY

EATING : Nz R EERh 7 BNE e AR MR R, 4 B NG e

SEEING : FihEle EEbkIEAT KA A TR R

HEARING : 355K AN B 2R I L g 5f P PR M 55 S i I e

MOUTH : ¥ WERE W e i ek il A 2 - R T g I I s e -

(BH) : BEREEREITERTF

ORGANIC FUNTION WITH EMOTION : M BgRE AE Hs ik to NERT SRIB s

PHSIOLOGICAL : HiEfR = Al fFF FE 2 8 R e s

PHYSICAL (BODY AND LOWER LIMBS)SKILLS
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11001A
11001B
11001C
11001D
11001E
11001F

GOING : fTEIC\E B EHESiE

STANDING : SfiS7 {74 i 44 Bk e 15

BODY ACT : EBEIVIRHLINTE RS

MOVE OF LOWER LIMBS : [ ERi i e 0 558 B0 ik I B8 B ik 75

GALLOP : B Hthf5 7 Bl SR B B B EE 2%

SPECIAL MANNERS OF MOVING : Pi6:ERERe i a dimie ik e { b EE i

2NN T AN

11001G
11001H
11001I
11001J
11001K
11001L
11001M

11010

11010A
11010B
11010C
11010D
11010E
11010F
11010G
11010H
11010I
11010J
11010K
11010L
11010M

DIRECTIONAL MOVE : EgbH#E AHGEEEERAEHE
LOAD : BERILEEEIESK

LEAN : fESFEEEKMYE

CURL : W& Hh (& i i

STRETCH : fHBE

QUIVER : REmR_BEBHIEGEE &K

HEAD MOVEMENT : 225 E(1#

SKILLS OF UPPER LIMBS

MOTION : #R#tBEHEEEE

SHAKE : #E5S#EPIRE\

TOUCH : #EMEZRARE I EREE

CONTROL : ZBHUER MM EREBURiEIEEE

CUT : BBSRREIE Al 5 2 R

PRICK : EHIfEZEMIBILIRIT

HIT : BITHISEERFEmaE s nEE

CHANGE FORM : BEFESE Ik Wm0 5 1

CHANGE STATE : ¥RIEHEREHE I miEZE B HIE I 1R &
CHANGE DIRECTION : #R¥&HRA%MPEREETR B in HECh I Ha bk o0 B 4
CHANGE SURFACE : fEREHMERIERGHRnBBERE
SCRATCH : JIHEEUFE#

WITH FINGER: 38
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11010N VIA WATER : ¥8

11011 INTELLECTUS (the ability to learn and reason, to think abstractly)
11011A OBSERVE : HiE: B ()% PR E1RE \

11011B ASSIDERE (to estimate the value) : FT¥FREREERIEEIREfLE

11011C REASONING : #EAEEIEE SN A il

11011D REPRODUCE : f#({HZ

11011E COMPREHENSION : EIR{ERABE & HERE AIFF

11011F REPRESENTATION : 3l Ealsksmieristzl

11011G PLAN : EFECEEERTEIHERKE

11011H DISCRIMINATION : PhSE#iEf B mmii % 41

110111 RESTRAINT : fpZ&#E SR S5 AR S INCH PRl R IR IR e B B Bl

1 SUBJECTIVE
11 REACTION

111 EXPERIENCE

11100 LIVING SKILLS

11100A COOKING : ZERIEZKAMIERIZIE

11100B BODY AFFAIRS : ZEHARFTETEEN M B Uk Ve RIS 1 ik e
11100C HOME AFFAIRS : EEIIHFRMIEIRREER

11100D LIVING AFFAIRS : EEEEREZ AL

11100E AGRICULTURAL : {HEBREMEMEESE ZLFHFFAS _ L

11100F TECHNIQUE : ZREERILENESERIREE G

11100G EDUCATIONAL : ZEFIHFIE R HEE

11100H (¥)5) : HITIERED S RIS S e S HPRE\

11101 COMMUNICATION
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11101A IDEAS INTERCHANGE : FREH miEfEEAME M S AR\
11101B CASUAL CHAT : [hNg_RsW]_MEME FEHG _MEWe =& il
11101C REPORT : $REMEMEEAEER

11101D CONSULTING : AimitgabiMaNA ARSI EET\

11101E ADMIRING : FHFEEHEEBHYE BRI B AT\
11101F POLITE : MIEREHSEHEHHFREE2TRFGEER
11101G CONCERN : WEMFIT IS5 E 20 B ) ok 8

11101H EXPRESSING POSITIVE EMOTIONS : ZE5EWfE[ENg_sef _m
111011 EXPRESSING NEGATIVE EMOTIONS : SERimriEiaems _#kue eI
11101J DENQUNCE : 2R E R 5eR iz

11101K SWINDLE : §4t?%f%fié%%%?%%ﬂi;‘%%ﬁ%ﬂtﬁiﬁ’éﬁﬁ%ﬁ’mﬁ
11101L SILENCE : fREE®k

11101M CURSING : FH’E

11101N SLUGGISH IN WORDS : RA%¥ilHE

111010 HYPOCRITICAL : fE{f#

11101P ANTAGONISM : &HEH

11101Q SPREAD : EREBLHUREEN

11110 DEALING WITH THINGS
11110A with VOLITION : FWZiitigmilis2 B

11110B (R@1T) : HIEZEERIBIEAE MEEEEZH

11110C (BEAL) : ¥ _ERINIUER, FEHURE

11110D with. AFFAIRS : &2 ETLHRIERE

11110E with. OBJECT : FEBUKCAELAG (T & MEREEFR TR
11110F with. WARE: EHR¥EEEEEEIRCOR_IHK
11110G with. FORCE : EZJ0RHHR 5 B REE

11110H with. FEROCITY : &Y\ EEIHILER
111101 CAPTURE : &R FIHE®
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11111

11111A
11111B
11111C
11111D
11111E
11111F
11111G
11101H

ek EEs

111111

THE WAY GETTING ALONG WITH PEOPLE

DISPATCHING PEOPLE : {H%EUMZHIESE G EE LR
COMMANDING PEOPLE : EX{fidfig /B (Eian St

EMPLOYING PEOPLE : HEEFEEEEXRMABEREHER

COERCING PEOPLE : BSEHEIFFHIZEIEER

SERVING PEOPLE : AREHUERNRASIERKTE

HARMING PEOPLE : {TREZINHWETBEHRLTEETE
KILLING/HURTING PEOPLE : §h§IRBEBBPURERIKERIARGER

SOCIALIZED WITH PEOPLE : #@etEBHERIZIEMGE _FEal _pE s by

PROTECTING PEOPLE : a8 /& e i REE L 2
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Appendix D

A Section of Semantic Classification
Tree of CILIN
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—— A A human

— B % things

C HF22 time and space

—— D 554 abstract

I E 55 features

— F @#{F action

G LEEYEH) psychological activity

L H ¥E#h activity

A0l A~ AR

Aa JZT general term

Ab B#4#/) men and
women,old and young

Aa02 %~ B

——— Al 51{7 status

Ag AR state

Aa03 iR ~ 54M
3 .
Ac Tl posture A4t -
Ad FE/& native place Ad0S T~ BIA
Ae §%2£ occupation Aa06 e who
Ah F A relatives

Ai 7R seniority in the family or clan
Aj Bi{% relation
Ak fiyl virtue

Al ZF#% ability and insight

Am 1Z{] belief

1 BRGEAIRI phenomenon and situation

J B3 association

K hEE auxiliary word

L #GE term of respect
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people

I, we

you

he, they

self, others



