Automatic Labeling of Hypernymy-Troponymy

Relation for Chinese Verbs

a3 EhEA BT B 0% B BRECEA

EiRVASN PN X T
Master Thesis

Department of English, National Taiwan Normal University
EEHIR: HETYlEL

Advisor: Dr. Shu-Kai Hsieh

W24 ET5 5t
Student: Chiao-Shan Lo

FERBLT/\ELA

July, 2009



Abstract
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Abstract

WordNet-like databases have become crucial sources for lexical semantic studies and compu-
tational linguistic applications such as Information Retrieval (IR) and Natural Language Pro-
cessing (NLP). The fundamental elements of WordNet are synsets (the synonymous grouping
of words) and semantic relations among synsets. However, creating such a lexical network is
a time-consuming and labor-intensive project. In particular, for those languages with few re-
sources such as Chinese, is even difficult. Chinese WordNet (CWN), which composed of mid-
dle frequency words, has been launched by Academia Sinica based on the similar paradigm
as Princeton WordNet. The synset that each word sense locates in CWN is manually la-
beled. However, the lexical semantic relations among synsets in CWN are only partially con-
structed and lack of systematic labeling. Therefore, in this thesis, two independent approaches
were proposed to automatically harvesting lexical semantic relations, especially focused on the

hypernymy-troponymy relation of verbs.

This thesis describes two approaches for discovering hypernymy-troponymy relation among
verbs. Syntactic pattern-based approach is used for that sentence structures can always denote
relations and reveal information among lexical entries. Bootstrapping approach, on the other
hand, aims at exploiting an already existing database and combining them within a common,
standard framework. From a large scale of input data, our proposed approaches can greatly
and rapidly extract verb pairs that are in hypernymy-troponymy relation in Chinese, aiding the
construction of lexical database in a more effective way. In addition, it is hoped that these ap-
proaches will shed light on the task of automatic acquisition of other Chinese lexical semantic
relations and ontology learning as well.

Key word: automatic extraction, lexical semantic relation, troponymy, Chinese WordNet
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Chapter 1

Introduction

1.1 Background

In recent years, there has been an increasing focus on the construction of lexical knowledge re-
sources in the field of Natural Language Processing (NLP), such as Thesaurus, WordNets [31],
EuroWordNet [45], FrameNet [6], HowNet [13], etc. Among these resources, Princeton Word-
Net!, an electronic English lexical database, was started as an implementation of a psycholin-
guistic model of the mental lexicon. In WordNet, English nouns, verbs, adjectives, and ad-
verbs are organized into synonym sets, called synsets. Synsets in WordNet are connected with
each other by various kinds of paradigmatic lexical semantic relations, such as Meronymy
and Holonymy (between parts and wholes), Hypernymy and Hyponymy (between specific and
more general synsets), etc. These relations act as pointers between synsets. Due to the seman-
tic relation-based property, WordNet has been widely used to solve a variety of problems in
the field of NLP and has sparked off most interest both in theoretical and applicational sides,
such as Information Retrieval (IR), lexical acquisition, automatic extraction, Word Sense Dis-

ambiguation (WSD), and so on. WordNet’s growing popularity has prompted the modeling and

'http://wordnet.princeton.edu



construction of wordnets in other languages and various domains as well. EuroWordNet [45],
which aims to build a multilingual database for several European languages, is a successful
example. To date, in the field of NLP applications, WordNet and EuroWordNet serve as very
crucial sources and have become a standard norm in evaluating semantic relations. WordNet
covers a large scale of sense-based English lexicons (206941 word-sense pairs 2). The extensive
coverage of WordNet took immense labors and time. Further, semantic relations are unlimited,
it takes years and intensive labors to steadily develop the scope and content. Consequently,
there has been significant recent interest in finding methods to build a WordNet-like database

in other languages with less efforts and time [S] [7] [9] [20] [21] [24] [28] [30] [32] [38] [39].

Lexical semantic relations among synsets are the foundations of a semantic network, but
manually constructing all the relations is time-consuming and error-prone. Therefore, one of
the most important steps toward efficiently constructing a WordNet-like database is to auto-
matically extract lexical semantic relations. It is clearly necessary to develop an automated
approach to harvest semantic relations; hence motivates researchers working on automated
methods paralleled with manual verification, in order to ease the work. To date, most research
on semantic relation harvesting have focused on is-a (c.f. [21] [32]) and part-of (c.f. [7] [20])
relations of nouns. Verb relations, on the contrary, have been studied less often especially the
is-a relation among verbs— the hypernymy-troponymy relation. Several approaches have been
suggested for automatically extracting semantic relations and they mainly fall onto three cate-
gories: lexico syntactic pattern-based approach, clustering-based approach, and bootstrapping

approach, all of which will be introduced in this thesis.

The statistics is updated to WordNet3.0



1.2 Motivation

As mentioned, creating a lexical semantic knowledge resource like WordNet is a time-consuming
and labor-intensive task. Languages other than English and some European languages are fac-
ing with the lack of long-term linguistic supports, let alone those languages without balanced
corpus available. In Chinese, constructing a wordnet is comparatively difficult owing to the
fuzzy definition and classification among words, morphemes, and characters. The Chinese
WordNet (hereafter CWN)?, created by Academia Sinica, aims to provide complete sense in-
ventory for each word based on the theory of lexical semantics and ontology. The synsets of
each word in CWN are manually labeled but the semantic relations among synsets are only
left partially constructed. In English or other European languages, several approaches were
proposed to find semantic relations automatically such as lexico syntactic pattern-based ap-
proach [21], clustering approach [27] and bootstrapping approach [39]. However, in Chinese,
there is few research studying on this issue. Huang et al. [24] has proposed a bootstrapping
method mapping English WordNet to Chinese WordNet but the experimental data is small
(about 200 lemmas) and several translational idiosyncrasies were ignored. Hence, bootstrap-
ping method alone is not accredited enough. What is more, to the best of our knowledge,
there is not yet a study focusing on the extraction of hypernymy-troponymy relation in any lan-
guages. The above mentioned issues reveal the need and the lack of a semantic relation-based
wordnet in Chinese. This motivates this thesis to propose a lexico syntactic pattern-based ap-
proach assisted with bootstrapping to automatically label the semantic relations. Although the
target in this thesis focuses only on hypernymy-troponymy relation of verbs, it is hoped that the
results can serve as a useful framework for the subsequent studies on the extraction of semantic

relations.

3http://cwn.ling.sinica.edu.tw/



1.3 Organization of the Thesis

The reminder of this thesis is organized as follows. Chapter 2 describes the relevant issues about
lexical semantic databases and approaches on automatically extracting lexical information. It
starts with an introduction of WordNet-like data resources along with how verb relations are
classified in each database. Next, a detailed review on the definition of troponymy will be
given. Finally, previous approaches on automated extraction will be reviewed and compared. In
Chapter 3, we will introduce the two approaches adopted in this thesis including data sources,
algorithm design, and procedure. Evaluation standard and scoring will also be presented in
this chapter. Chapter 4 reports the results returned by each approach along with statistical
representation and in-depth error analyses. The comparison of these two approaches will be
discussed as well. Finally, Chapter 5 summarized the thesis along with our contribution and

suggestions for future work.



Chapter 2

Related Works

This chapter devoted to the previous relevant studies and the introduction of some existing
databases. In Section 2.1, I will begin with the introduction of several influential lexical se-
mantic networks including Princeton WordNet, EuroWordNet, Chinese WordNet and Sinica
Bilingual Ontological Wordnet. Section 2.2 turns the attention to the semantic relations of
verbs which have different ways of classification in different Wordnet databases. Section 2.3
focuses on the target relation of this thesis—troponymy, which is the hypernymy-hyponymy
relation among verbs. Finally, in Section 2.4, different approaches of discovering semantic

relations in previous works will be discussed.

2.1 WordNet-like Resources

Lexical semantic resource has been considered vital resources in Natural Language Process-
ing (NLP). In recent years, there has been an increasing focus on the construction of lexi-
cal knowledge resources such as Princeton WordNets [31], EuroWordNet [45], Mindnet [42],
HowNet [13], VerbNet [26] etc. In this section, lexical semantic networks which are closely

related to the this thesis will be introduced. Princeton WordNet, EuroWordNet, Sinica Bilin-



gual Ontological Wordnet, Chinese WordNet and HowNet will be introduced respectively in

the following sections.

2.1.1 Princeton WordNet [31]

Launched in the early 1980s at Princeton University, WordNet has become a popular and crucial
semantic network of English lexicon. Comprising more than 200,000 word meaning pairs,
WordNet has grown to become an extensive electronic dictionary of English language [16].
Basically, WordNet differs from traditional alphabetical dictionaries in that it describes words
with other words in a highly systematic way, mapping languages to concepts; also in that
it organizes lexical information in terms of word meanings, but not word forms. WordNet
organizes words into groups of near synonyms called synsets and synsets together define a
unique sense (concept). What is more, in WordNet, the synsets are interlinked by means of bi-
directional semantic relations such as meronymy, hypernymy and entailment, etc. Synsets and
semantic relations, therefore, together serve as foundation of WordNet and set up this database.
The semantic relations not only hold between words, but also between words and synsets,
and between synsets themselves. The truth that WordNet is formed by synsets implies that
only open class words in English are covered in WordNet since words in different categories
(function words) cannot form synsets, as they are never interchangeable within a linguistic
context. Therefore, WordNet contains only content words: Nouns, Verbs, Adjectives, and
Adverbs. The following is quoted from Miller et al. in [31] defining the structures of each

category.

“Nouns are organized in lexical memory as topical hierarchies, verbs are organized
by a variety of entailment relations, and adjectives and adverbs are organized as N-

dimensional hyperspaces.”



Started as an implementation of a psycholinguistic model of the mental lexicon, WordNet
produces a combination of dictionary and thesaurus that is more intuitively usable. By the
same token, WordNet has sparked off most interest both in theoretical and applicational sides,
especially in NLP and IR. There are various off springs mapping WordNet’s achievements onto
languages other than English. Wordnets of European languages and Chinese, for example, are

launched under similar spirit and will be discussed in the following sections.

2.1.2 EuroWordNet [45]

Being structured along the same lines as Princeton WordNet (specifically WordNet version
1.5), EuroWordNet is characterized by its multi-lingual nature. EuroWordNet is an integrated
system that contains several European languages in which every sub-wordnet is a monolingual
database. Each monolingual sub-wordnet represents a language —internal system constructed
by synsets and basic semantic relations such as antonym, hyponym, meronym, etc. Besides,
the equivalence relations between synsets in different languages and Princeton WordNet will
be connected via the Inter-Lingual-Index (ILI) [46]. Therefore, by expanding words in one lan-
guage to related words in another language via ILI, EuroWordNet may allow easy accessing of
retrieving information stored in various languages. Also, the availability of multilingual makes
each sub-wordnet compatible and comparable. Hence, not only the language- independent data
is shared but also the language-specific differences can be maintained as well. Besides Eu-
roWordNet’s multilinguality which makes it distinct from Princeton WordNet, there are still
some changes and additions in the EuroWordNet. One of the most distinct features is the ex-
plicit semantic relations across parts-of-speech (POS). In Princeton WordNet, nouns and verbs
are not interrelated with each other by semantic relations; consequently, sometimes very similar

synsets tend to be totally unrelated only because they belong to different POS. The following is



an example given in [44]: the noun adornment and the verb adorn expresses the same concept
but they are not connected in WordNet for the different POS. On the other hand, words with
different POS in EuroWordNet can be inter-linked with explicit synonymy and hyponymy rela-
tions. Therefore, the semantic relation between the noun adornment and the verb adorn can be

described explicitly in EuroWordNet as follows where XPOS represents cross parts-of-speech:

{adore, V} XPOS_NEAR_SYNONYM {adornment, N}

Semantic relations used in Princeton WordNet were also adjusted in EuroWordNet. The most
important relations of the Princeton WordNet have been maintained but extended in some
ways [45]. First, for example, relations can have features; therefore, labels such as conjunc-
tion, factive, reversed and negation can be added to relations. Second, some existing relations
have been broadened, like a more global near-synonym relation was proposed in EuroWord-
Net. Third, new semantic relations have been added as well; role-relations were used between
entities and events. More detailed description of semantic relations in EuroWordNet will be

introduced in the following section when discussing semantic relations among verbs.

Translingual knowledge is very important in the network era since uncountable information
is disseminated across languages and boundaries via Internet; therefore, linguistic resources
such as a multilingual thesaurus are indispensable for Information Retrieval. EuroWordNet is a
successful example in following the paradigm of Princeton WordNet and also extend the design

idea to the multilingual nature.

2.1.3 Sinica Bow [23]

Sinica Bow represents the Academia Sinica Bilingual Ontological Wordnet. It is a bilingual the-
saurus integrated three resources: WordNet, English-Chinese Translation Equivalents Database

8



(ECTED), and Suggested Upper Merged Ontology (SUMO) [23]. Sinica Bow adopted Word-
Net version 1.6 and 1.7.1 which are used by most application so far [2]. And through ECTED,
which is a crucial equivalence translation tool, a Chinese WordNet is bootstrapping from En-
glish WordNet. Constructed at Academia Sinica, the translation equivalence database was
hand-crafted by a group of people. All Possible translations of an English synset word were
extracted from several online bilingual (CE or EC) dictionaries. Afterwards, all the translated
candidates will be checked by linguists who have near native-like ability in both languages.
Finally, the translator selected three most appropriate translations whenever possible and tried
to possess each translated entries into lexicalized words rather than descriptive phrases [25].
Another resource of Sinica Bow is SUMO, which represents an upper ontology constructed by
Pease et al. [35] [34]. SUMO covers very general concepts such as time, spatial relations, phys-
ical objects, events and processes; the aim of SUMO is to link categories and relations coming
from different top-level ontologies and to formalize different domains into a set of concepts,
relations and axioms. SUMO can be applied onto the natural language processing, information
retrieval, automated reasoning, and also the inter-operability in E-commerce, helping comput-
ers manage more details and structures. The three above resources together comprise the Sinica
Bilingual Ontological Wordnet, which allow a versatile access of lexicon information combin-
ing lexical, semantic, and ontological information. Therefore, searching on Sinica Bow can
return the following information: sense-based English-Chinese translation, semantic relations,

English word-sense based ontology and inference, Chinese word-based ontology and inference.

Under the assumption that lexical semantic relations are universal [45] [16], they can be
transported cross-lingually through accurate translation and mapping [24]. Therefore, with the

integration of three key resources: ECTED, WordNet, and SUMO, Sinica Bow can plausibly



function as a medium for mapping WordNet to a Chinese one.

2.1.4 Chinese WordNet [1]

Creating a semantic relation database is a time-consuming and labor-demanding task. Cre-
ating a semantic relation-based wordnet in Chinese is even more difficult owing to the fuzzy
definition and classification among words, morphemes, and characters. The Chinese Word-
Net (CWN) has been launched by Academia Sinica in 2006 and is continuously broadened its
scope so far. Unlike some bilingual semantic databases such as Sinica Bow or HowNet, Chi-
nese WordNet starts from Chinese per se but not through translating from another language.
Lemmas included in Chinese WordNet mainly fall on the medium frequency words which are
totally composed of 5600 lemmas and 13160 word senses [1]. Unlike Princeton WordNet or
EuroWordNet, CWN is not a robust database that constructed mainly on the synsets and se-
mantic relations. Rather, it aims to provide complete meanings and exquisite senses for each
lemma based on the theory of lexical semantics and ontology. Also, each lemma has a cor-
responding English translation and is mapped onto WordNet via Sinica BOW. Figure 2.1, for
example, shows the result of the verb & ‘zou3, walk’ in Chinese Wordnet.

As Figure 2.1 shows, it is apparent that synsets and lexical semantic relations are not systemat-
ically labeled in CWN. In fact, the synsets of each word and the semantic relations among lem-
mas in CWN were manually tagged, and unlike WordNet or EuroWordNet, they have not been
completely constructed yet. However, employing only human labor like the original WordNet
on the construction of CWN would be wasteful and cannot guarantee compatibility. Hence,
how to systematically and automatically discover the semantic relations is a crucial step toward
constructing a synset and semantic relation-based Chinese Wordnet. Since CWN is composed

of explicit senses of medium frequency words and can be seen as a detailed dictionary, this

10
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Figure 2.1: The first two senses returned by CWN of the verb 7 ‘zao3, walk’

present study tries to discover a pattern-based method of finding semantic relations (specifi-
cally the troponym relation) within CWN. Along with other approaches, such as bootstrapping
from other existing WordNet [3] or bilingual dictionaries [25] (these will be introduced later), it
is hoped that the results will be more direct and precise. While CWN is, until now, still devoted
to extending its lemma from medium frequency words to high frequency words, our automated

method on semantic relations extraction is hoped to enrich the completeness and speed up the

construction of CWN.
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2.1.5 HowNet [14]

Finally, another bilingual knowledge database is worth noting. HowNet is an on-line common-
sense knowledge base which was constructed since 1988 by Dong [14] [13]. It is a large-scale
bilingual lexical ontology for words and their meanings in both Chinese and English. HowNet,
in many respect, is similar to Princeton WordNet but the biggest difference that characterizes
HowNet and differentiates it from other WordNet-like databases is that HowNet relies less on
hierarchical differentiation. In fact, HowNet unveils inter-concept relations and inter-attribute
relations of each concepts [13]. It is proposed that the importance of constructing a knowledge
system lies in the varied relations amongst concepts as well as those among the attributes of
concepts but not taxonomic semantics. Therefore, it is obviously that HowNet and WordNet
reflect a different view of semantic organization. As introduced, WordNet differentiates words
by putting them under synsets and further differentiates synsets by assigning them to different
taxonomy of semantics. On the other hand, HowNet does not provide glosses for each lexical
concepts, rather, it combines sememes, which can be seen as the smallest basic semantic unit,
from a less discriminating taxonomy to compose a semantic representation of meaning for
each word sense. Under this fundamental, the knowledge structured by HowNet is a graph
rather than a tree. How HowNet characterizes words can be better grasp by the following

example [14]:

doctor | B4 {human| A: HostOf={Occupation |¥fii}},domain= {medical|Z},

{docotr |E¥E:agent ={"}}}

As can be seen , the lexical concept describes in HowNet is not written in natural language
but marked by basic sememes such as {Occupation— §{ii} and {medical— %&}. Despite
the fact that HowNet is a powerful knowledge database, this thesis does not resort to it as

12



one of our data sources. The reason is that HowNet sketches lexical semantic relation in a
syntagmatic perspective but not a taxonomic one. Therefore, the target relation in this thesis—

the hypernymy-troponymy relation may exclude from this knowledge database.

2.2 Semantic Relations of Verbs

Although the target of this thesis is only on the hypernymy-troponymy relation among verbs
which Fellbaum and Miller in [31] first dubbed as troponymy, yet a thorough review of semantic
relations among verbs is needed. There is no consistency in classifying semantic relations of
verbs. Therefore, in this section, I will introduce the semantic relations among verbs that

defined in WordNet, EuroWordNet and other studies.

2.2.1 Semantic Relations of Verbs in WordNet

Verbs can not be classified into straightforward taxonomies like nouns do, rather, verbs are di-
vided along semantic fields. Fellbaum in [15] proposed a detailed analysis of relations among
verbs and indicates that lexical entailment lies under all verbal relation. WordNet identifies
Synonymy, Antonymy, Entailment, Troponymy, and Cause among verb relations. This sub-
section is going to introduce and review semantic relations of verbs in WordNet. For the
troponymy relation, which is the target relation in this thesis, a more detailed and complete
review is needed. Therefore, this thesis left troponymy as an independent section and is given

in Section 2.3.

Synonym

Basically, synset in WordNet indicates synonymous relation since synset is a group of words

that together define a unique meaning. However, according to Miller and Fellbaum in [31],
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there are few truly synonymous verbs can be found in the lexicon. Most synonymous verbs still
have slight differences depending on the context and verbs also differed according to different
speech register like in formal, technical, or colloquial environments. Examples are like buy vs.
purchase, sweat vs. perspire. Owing to the truth that many apparently synonymous verbs still
exhibit trivial differences, verb synsets in WordNet often expressed by periphrastic definitions
rather than lexicalized synonyms and it reflects the fact that most verbs are manner elaboration

of a more basic verb.

Antonym

Generally speaking, antonym is the concept which refers to a pair of words with opposite
meaning, however, antonymous pairs of words are not simply ones with opposite meanings, but
are suggested to be words with high relatedness both paradigmatically and syntagmatically. In
WordNet, the antonym relation is also identified among verbs. Antonymous verb pairs cover the
same semantic field and the same activity but differ only in the thematic role such as SOURCE
or GOAL (for example give vs. take, sell vs. buy). Similar to synonymous verb pairs, there is
few true antonym pairs which complementarily contrast with each other except static verbs and

change verbs, such as live vs. die and wake vs. sleep.

Entailment

According to Miller [31], the entailment relation underlies all verbal relations:“the different
relations that organize the verbs can be cast in terms of one overarching principle— lexical en-
tailment.” Entailment holds between two verbs V; and V, when the statement ‘someone Vs’
entails the statement ‘someone V5s’. Lexical entailment is a unilateral relation, taking sleep and
snore for examples: the proposition that He is snoring entails the proposition He is sleeping,
as one cannot snore without sleeping. Therefore, owing to the property of unilateral relation,
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the second proposition is necessarily to hold if the first one does but not the other way around.
Lexical entailment also includes backward presupposition, such as succeed and try: If a person

succeeds to do something, this entails that he has tried to do it.

The differences between verb pairs snore/sleep and succeed/ try lies in the temporal in-
clusion. Succeed entails try but neither verbs include the other in time, the proposition carries
by these two verbs are in order : one succeeds after he tries. However, snore entails sleep and
is properly included by it : the time span of snore is properly and entirely included in sleep.

Figure 2.2 is a graphic representation of the relations among different kinds of entailment.

Entailment
+Temporal Inclusion -Temporal Inclusion
+Troponymy -Troponymy Backward Presupposition Cause
(Co-extensiveness) (Proper Inclusion) succeed-ry raise-rise
limp-walk snore-sleep untie-tie give-have
lisp-talk buy-pay

Figure 2.2: Four kinds of entailments among English verbs [31]

Cause

As Figure 2.2 shows, there are four kinds of entailments distinguished by two features {+
temporal inclusion, + co-extensiveness}. WordNet identifies only Cause relation and Tro-
ponymy relation. The latter is the target of this thesis hence will be discussed in detail in
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Section 2.3. Cause is a special form of entailment which only applies to temporally disjoint
events. Two concepts are mentioned in WordNet, one is a causative verb concept like give,
and the other is a resultative concept like have. Causative verbs carry the sense of cause to
be/become/happen/have or cause to do. That is to say, they relate transitive verbs to either
states or actions. For example, the synset break, bust in WordNet has a causative relation

between break, wear, wear out, fall apart which indicate cause to become pieces.

2.2.2 Semantic Relations of Verbs in EuroWordNet

As mentioned, EuroWordNet is built along the same lines as Princeton WordNet in that syn-
onymous meanings are joined in a synset and language-internal relations are expressed between
synsets. However, semantic relations are being adjusted in EuroWordNet. The most distinct
feature in EuroWordNet is the explicit cross-part-of-speech (POS) relations. The Princeton
WordNet uses a rigid distinction between nouns and verbs, mainly because of their different
syntactic role in English. However, this often leads to an undesirable consequence that very
similar synsets are totally unrelated only because they belong to different syntactic categories.
Therefore, in EuroWordNet, synsets can be inter-linked with one another across POS. That
is, verbs do not related with verbs only, but also nouns or adjectives. The following is some

important semantic relations of verbs in EuroWordNet [10] [4]:

NEAR_SYNONYMY and XPOS_NEAR_SYNONYMY

Unlike WordNet, EuroWordNet used the relation NEAR_SYNONYMY for semantically sim-
ilar words. In many cases, there is a close relation between words but sometimes this relation

is not sufficient to group the words into one synset. This is because the hyponyms linked to

each of these words can not be exchanged. Therefore NEAR_SYNONYMY relation is used in
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EuroWordNet to keep the hyponyms separate and still be able to express that the two words are
close in meaning [4]. NEAR_SYNONYMY relation is used cross part-of-speech in EuroWord-
Net, therefore, morphologically very similar words can connect through semantic relations
even when they belong to different POS. The followings are examples of verbs in synonymous
relation:

(I)  {move, V} XPOS_NEAR_SYNONYMY {movement, N}

(2)  {sleep, V} XPOS_NEAR _SYNONYMY {sleep, N}

HYPERNYMY/HYPONYMY and XPOS_ HYPERNYMY/HYPONYMY

A hyponymy relation implies that the hypernym may substitute the hyponym in a referential
context but not the other way around. In EuroWordNet, HAS _ (XPOS) HYPERNYMY/HYPONYMY
relation is used to indicate the relation between a more general class and a more specific subtype

either within or across POS. Examples for verbs are as follows:

(3)  {move, V} HAS_ HYPONYMY {walk, V}

4)  {love, V} HAS_XPOS_HYPERNYMY {emotion, N}

(5)  {emotion, N} HAS_XPOS_HYPONYMY ({love, V}

Note that the term ‘troponymy’ is not used in EuroWordNet. Verb pairs in hypernymy/ tro-
ponymy relation like walk and move are expressed by HAS_ HYPERNYMY/HYPONYMY

relation in EuroWordNet and it only occurs within one POS.
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ANTONYM and XPOS_ANTONYM

In EuroWordNet, the Antonym relation referred to a more loosely defined notion which can be
defined as the opposition of meaning in a context. As mentioned, antonym between different
POS is allowed, as in the cases of synonymy and hypernymy/hyponymy. Antonyms typically
form contrasting categories within the same dimension. This means that an antonym not only
contrasts with another antonym in certain features but they have to share the same hypernym.
This criterion prevents irrelevant pairs such as love and car. The following are examples of

antonym relation in EuroWordNet:

(6)  {open, V} ANTONYM {close, V}

(7)  {live, V} XPOS_ANTONYM {dead, A}

CAUSE (XPOS)

The cause relation is used in WordNet to indicate the entailed relation between two verbs, one
of which referring to an event causing a resulting event, process or state. Whereas in WordNet
the causal relation only holds between temporally disjoint verbs, EuroWordNet, on the con-
trary, applies this relation across syntactic categories. Causal relation in EuroWordNet can be
further distinguished with respect to the factivity of the effect. The factive feature denotes that

a situation S; implies the causation of Sy, for example:

(8)  {kill, V} XPOS_CAUSES {death, N} (factive)

(9)  {death, N} IS.CAUSED_BY {kill, V}
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On the other hand, non-factive indicates a situation S; probably or likely causes Sy or S; is

intended to cause some situation So, for example:

(10)  {try, V} CAUSES {succeed, V} (Non-factive)

From the above examples, EuroWordNet does not further distinguish causal relation and back-
ward presupposition like WordNet does, rather, only causal relation plus the feature of factivity

are used in EuroWordNet.

SUBEVENT (XPOS)

Recall that Princeton WordNet identifies the relation Entailment on cases that cannot be ex-
pressed by the more specific hyponymy or cause relations. In this case the direction of the
implication or entailment is indicated. For example, in the case of snore/sleep, the entailment
direction is from snore to sleep: snore entails sleep but not the other way around. However, in
EuroWordNet, the entailed relation with ‘proper inclusion’ can more adequately be described
by means of the SUBEVENT relation which is very useful for many closely related verbs and

appeals more directly to human-intuitions.

(11) {snore, V} IS_.SUBEVENT _OF {sleep, V}

(12) {sleep, V} HAS_SUBEVENT {snore, V}

ROLE/INVOLVED

EuroWordNet identifies additional semantic relation ROLE and INVOLVED which indicates

a link between a verb and a noun whose meaning is ‘incorporated’ in, or connected with the
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meaning of the verb itself. Sometimes the most salient relation is not the hypernymy but the
relation between the event and the involved participants. The subtype of ROLE/INVOLVED
relation in verb-noun pairs also includes:

Involved-agent/ patient/ instrument/location/ direction

Involved-source-direction

Involved-target-direction

Examples like write, V and pencil, N are in INVOLVE-INSTRUMENT relation in that the
meaning of the verb wrife incorporates the meaning of the noun pencil. The relations are

expressed as follows:

(13)  {write, V} INVOLVED_INSTRUMENT {pencil, N}

(14)  {hammer, N} ROLE_INSTRUMENT {to hammer, V}

2.2.3 Other Relations of Verbs

From WordNet or EuroWordNet’s classification, verb entries related to each other by their
paradigmatic relations such as hyponymy, antonym and meronymy. However, this kind of clas-
sification may easily organized verbs into a flat or shallow hierarchy of classes [9]. Verbs can
also relate with each other in a syntagmatic way. Syntagmatic relations constrain the contexts in
which a word may be used, and can be seen as a complementary way of representing speaker’s
lexical knowledge [17] [11]. For example, Chklovski and Pantel in [9] proposed a finer-grained
analysis of verb relations, which explicitly breaks out the temporal precedence between entities.
Verbs which are related with one another syntagmatically together made up a broad-coverage

1

semantic network called VerbOcean'. VerbOcean identified five semantic relations between

"http://demo.patrickpantel.com/Content/verbocean/
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verbs. This can be summarized in Table 2.1 with a comparison to WordNet.

Semantic relation | Example Alignment with WordNet | Symmetric
similarity transform / integrate synonyms or siblings Y
strength push / nudge synonyms or siblings N
antonym open / close antonymy Y
enablement wash / clean cause N
happens-before buy / have; marry / divorce | cause; entailment N

Table 2.1: A finer-grained semantic relation among verbs. [9]

Similarity

Very similar to the synonym in WordNet, verbs are often similar or related but not one hundred
percent equals to each other. Similarity occurs between action verbs, for example, transform/

integrate or producelcreate.

Strength

As mentioned, verbs can be very similar to one another but differ in their strength. When two
verbs are similar, one of them may denote a stronger intention, more absolute in action like verb
pairs push vs. nudge. Or in the case of change-of-state verbs, one may carry a more complete

change than the other, such as wound vs. kill.

Antonym

Also similar to the classification in WordNet, antonymy is also known as semantic opposition.
As Fellbaum described, it can arise from switching the thematic roles of verb pairs like buy vs.

sell, give and take. Antonym can also occurred in stative verbs like live vs. die.
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Enablement

Enablement can be seen as a type of causal relation hold between two verbs and satisfy the

formula that V; is accomplished by V5, examples are like accomplish/ complete, and fight/win.

Happens-before

The relation between two verbs may exhibit temporally disjoint intervals. The happens-before
relation hold between two verbs corresponds to the Cause relation in WordNet which shows no
temporal inclusion of two verbs but indicates two events happens in order such as sell happens

before buy, and marry happens before divorce.

To sum up, semantic relations among verbs can be organized in terms of paradigmatic and
syntagmatic perspectives. Paradigmatic organization relates words in hierarchy, that is, connect
a more basic word to a more general concept or superordinate. Lexical resources like WordNet,
EuroWordNet and many dictionaries identify paradigmatic relations among synsets or lexical
entries. Some lexicons also supply syntagmatic relations between the target and other words by
means of illustrative sentences. However, there is no consistency in the classification of seman-
tic relations of verbs. In this section, we introduced semantic relations of verbs in WordNet,
EuroWordNet and VerbOcean. The comparison of verb relations in these three databases can

be summarized by Table 2.2.

2.3 Troponymy

Section 2.2 has introduced semantic relations of verbs, this section turns the focus back to the
target relation in this thesis—the hypernymy/troponymy relation. Our literature survey reveals
that, to the best of our knowledge, there is no study targeting at the troponymy extraction yet.
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WordNet EuroWordNet VerbOcean
Synonym NEAR SYNONYM Similarity
Synset (verb groups) XPOS_NEAR_SYN Produce:: create
{Adore, V:: adornment, N}
Hypernymy/Troponymy HYPERNYM/HYPONYM Strength
Walk:: limp XPOS_HYPERNYM/HYPONYM Wound:: kill
{love, V}::{emotion, N}
Antonym ANTONYM Antonym
{close, shut}::{open} XPOS_ANTONYM Open:: close
{live, V}::{dead, A}
Cause CAUSE (XPOS) Enablement
Kill::{die, decease, perish. .. } {kill, V}::{die, V} Fight:: win

{kill, V}::{death, N}

Entailment

{divorce, split up}:: {marry, wed...}

SUBEVENT(XPOS)
snore, V::sleep, V

but, N::payment, N

Happens-before

marry:: divorce

ROLE/INVOLVED
{write, V}::{pencil, N}

{teach, V}::{teacher, N}

Table 2.2: Semantic relations of verbs in Wordnet, EuroWordNet and VerbOcean
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Troponymy relation is discussed less often than other semantic relations. In fact, this term was
first dubbed and defined by Fellbaum and Miller in [31]. Therefore, in this section, I will try my
best to cover a detailed introduction of troponymy basically based on Fellbaum et al.’s studies

[15] [19] [16] [17] [31].

2.3.1 Definition of Troponymy

Basically, troponymy can be seen as the hypernymy-hyponymy relation of verbs. While tro-
ponymy is the term used to indicate the relation, troponym, on the other hand, is used to
describe the subordinate word in this relation. For example, verb pair move and walk are in
hypernymy/troponymy relation while move is the hypernym of walk and walk is the troponym
of move. Hypernymy/troponymy relation, by its definition, may be corresponded to the is-a
relation of nouns, but unlike nouns, verbs do not straightforward fit into the is-a relation nor
related in a consistent mode, rather, verbs are connected by a manner elaboration from some
superordinate verbs. As mentioned, entailment lies under all verbal relations thus the concept
of entailment is important for troponymy to hold since troponymy is a special kind of entail-
ment. Saying that troponymy is a kind of entailment indicates that a troponym inherits and
entails its superordinate verb but is specified in different manner. Basing on this assumption,
the definition of troponymy can be expressed by the formula: to V; is to Vs in some particular
manner. So, walking describes a manner of moving, elaborating on the speed and style. There-
fore we say that walk is a troponym of move and move is the hypernym of walk. Similar to the
is-a relation among nouns, troponymy also builds hierarchical structures with the semantically
most inclusive verb at the root and increasingly specified subordinate verbs as the extending
branches and leaves. However, unlike noun hierarchies which are tall and deep, verb hierar-

chies tend to be ‘flatter’ and ‘bushy’, most of them do not exceed more than three or four levels.
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As mentioned, there are four kinds of lexical entailments of verb relations, demarcated
by two features {+ temporal inclusion, + co-extensiveness }. Temporal inclusion distinct verb
pairs succeed/try from pairs like snore/ sleep and move/walk since the former pair demonstrates
two temporally disjoint events while the latter indicate proper inclusion in time. But what cri-
terion makes verb pair snore/sleep different from move/walk for that snore in not a troponym
of sleep but walk is a troponym of move? According to Fellbaum and Miller [19], saying that
troponymy is a particular kind of entailment involves temporal co-extensiveness for the two
verbs. That is, the proposition of a troponym must and always entail its superordinate event oc-
curs at the same time. For example, although snore entails sleep and is temporally included in
sleep, we can not say that snore is a troponym of sleep, they are not in a hypernymy/ troponymy
relation. This pair of verbs is related only by entailment and proper temporal inclusion. The
important generalization here is that verbs related by entailment and proper temporal inclusion
cannot be related by troponymy. On the contrary, for troponymy to hold—for we can say that
to Vi is to Vy in some specific manner, the essential factor is the co-extensiveness in time: one
can sleep before or after snoring, but not necessarily happened at the same time. Take another
hypernymy/troponymy verb pair limp and walk for example, limping entails walking and walk-
ing can be said to be a part of limping, they are temporally coextensive, that is, limp and walk

happen at the same time.

Beside the complicated distinction among verbs themselves, the troponymy relation is also
different from the is-a relation among nouns in two ways [17]. First, the is-a-kind-of formula
linking semantic related nouns may cause oddness when applying to verbs. For example, ‘(to)

yodel is a kind of (to) sing.” sounds odd only when changing into gerund form ‘yodeling is a
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kind of singing’ will make it acceptable. Second, in the case of nouns, kind of can be omitted
without changing the truth statement, for instance, ‘A donkey is a kind of animal.” equals ‘A
donkey is an animal.” By contrast, the same deletion makes verbs odd as the following sen-
tences show: ‘Murmuring is talking/ To murmur is to talk.” These differences indicate that
there is more than just a is-a relation among concepts expressed by verbs and the way that
used to distinct nouns and adjectives is not the same as the way we distinct verbs. To sum up,

troponymy links verbs in a manner elaboration rather than kind relation.

2.3.2 Distinguishing Manner

The most important factors of troponymy are manner elaboration and co-extensiveness as
introduced above. However, the so-called ‘manner’, in fact, can be further analyzed and dis-
tinguished. Fellbaum [31] examined a few areas of the verb lexicon where the encoding of
a manner component has interesting consequences, and attempted to draw some distinctions

among different kinds of troponymy.

Function vs. Manner

Many nouns that fit into the is-a-kind-of relation do not necessarily in hypernymy/hyponymy
relation. Pustejovsky [40] discussed the semantic meaning of nouns like pet which he calls
roles. Take dog and pet for example, dog can be a kind of pet, but the relation between
dog/animal and pet/animal are different, the intrinsic meaning of these two words are not the
same. There is no problem to state that a dog is a kind of animal but it is odd to say that a pet is

a kind of dog/animal. The reason is that ‘pet’ is the role that an animal plays in a certain setting
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or under certain condition which may be culturally and temporarily dependent. On the contrary,
the is-a relation that links dog to its superordinate animal is biologically stable. The same phe-
nomenon exists in the verb lexicon. Many verbs may have meaning aspects that depend on the
context. For example, run, walk, and swim are all manners of motion verbs move. On the other
hand, run, walk, swim, along with bike, row or ski are also manners of exercise. Similar to
the role function of nouns, exercise is an unstable superordinate verb because the activities that
can be defined as exercise may vary. But move is a stable hypernym of run, walk, swim, etc.
because it inherits its meaning to the subordinate verbs. Therefore, the relation between run,
walk, swim, etc. and exercise is being called the function relation. The distinction between
genuine troponymy and the function relation is reflected in the fact that in cases like the above,

exercise s not a part of these verbs” meanings in the same way that their superordinate move is.

Result vs. Manner

Besides verbs expressing the function or manner in which an action is carried out, English has
many verbs that encode the result of an action but not the manner of achieving this result. For
example, a result verb like shut does not carry the manner of the motion by itself, but depends
on the noun object that denotes the entity that is acted upon. To make it clear, in the case
of shut, the manner of shutting a window is definitely different from the manner of shutting
a book. The manner is not specified by shut itself but by the noun object following shut. In
contrast to result verbs, a manner of motion verb like run denotes a specific kind of traveling
motion that does not vary depending on who or what does the running. For this reason, the

result verbs are also called accomplishment verbs, and manner verbs are activity verbs.

Perhaps the most significant relation among lexicon semantics is the hypernymy/hyponymy
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relation, which builds hierarchical structures. Troponymy, as this relation is called in the verb
lexicon, apparently relates verbs in terms of a manner elaboration. The so-called ‘manner’,
according to Fellbaum, can be further analyzed and distinguished and thus yields different

types of troponymy. Table 2.3 summarized three different types of troponymy.

Manner verb Function verb Result verb

The event itself is carried | The verb encodes the function The verb encodes only the
out by the verb. that is context- or situation-dependent. | result of an action.

€.g. move::run e.g. exercise:: run e.g. shut:: snap

Table 2.3: Three different types of Troponymy

Fellbaum introduced a very detailed analysis of entailment in [16] [18] and also the compli-
cation of troponymy [15]. The clear distinction and definition of hypernymy/troponymy rela-
tion made by Fellbaum therefore motivates this thesis and also serves as the norm in describing

and evaluating the result.

2.4 Automatic Discovery of Lexical Semantic Relation

Automated extraction of semantic resources has been widely studied by researchers. From
Machine readable dictionaries [32] [41] to the unrestricted web corpus [22] [21] [9], Natural
Language Processing researchers use these databases to develop algorithms for harvesting lex-
ical semantic relations [21], observing rules [27], or extracting target words [20] [28]. Also,
there has been a variety of studies focusing on the automatic acquisition of different lexical se-
mantic relations, such as hypernymy/hyponymy [21], antonymy [28], meronymy [20] [7] and

so on. Now I begin to discuss some approaches used in previous studies.
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2.4.1 Lexico Syntactic Pattern—-Based Approach

Automatically finding semantic relations among synsets by using pattern-based algorithm may
be the most common approach [39]. It is generally agreed that the structure of a lexical entry in
a dictionary sometimes reflects the relatedness of words and concepts [22]; also, certain struc-
tures or syntactic patterns usually define the semantic relation among each other. The following

three subsections introduce some influential and novel studies on automated extraction.

Nakamura & Nagao (1988) and Hearst (1992)

Early studies analyzed and extracted information from Machine Readable Dictionaries (MRD)
(cf. [5] [33] [32] [30]). By syntactic or phrasal patterns found in definitions, certain seman-
tic relations can be accessed automatically. For example, Nakamura and Nagao [32] created
a Machine Readable Database (MRD) from Longman Dictionary of Contemporary English
(LDOCE), by extracting key Verb/ key Noun which express a ‘key concepts’ of the defined
verb, the algorithm can automatically extract the taxonomic information and certain seman-
tic relations. Basing on the similar spirit, Hearst [21] pioneered enlarging the scope to the
unrestricted text as her database. Similar to previous pattern-based interpretation techniques,
she proposed the LSPE (Lexico-Syntactic Pattern Extraction) method, upon which most of the
related works are based, to automatically find hyponym relations among nouns. Manually con-
structed three patterns at first, Hearst discovered three more new patterns from seed instances
by bootstrapping. After the pattern-discovery procedure, six lexico-syntactic patterns which
denote the concept of ‘including’ or ‘other than’ were postulated. And basing on a text corpus,
which contains terms and expressions that are not defined in Machine Readable Dictionaries;
the six lexico-syntactic patterns successfully detected hypernymy-hyponymy relation and ex-

tracted these pairs from the sentences. The six syntactic patterns used in Hearst’s algorithm
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are as follows: (1) X such as Y; (2) such X as Y; (3) Y, or other X; (4) Y, and other X; (5) X,
including Y; (6) X, especially Y. For terms that are present in the above patterns, this algorithm
successfully captures the relation that Y's are hyponymy of Xs. Hearst’s pattern-based approach
successfully extracted nouns which are in hypernym-hyponym relation from large unrestricted
text. Inspired by Hearst, it is hoped that other lexical relations can also be acquirable in the

same way, or at least, from the similar paradigm.

Ramanand and Bhattachayya (2008)

Automated semantic relation discovering can be further used to evaluate the quality and the
reliability of an existing thesaurus like Princeton WordNet. Ramanand and Bhattachayya [41]
pioneered to propose an algorithm based on dictionary definitions to verify that synsets in
WordNet are indeed synonymous. As mentioned in the previous section, WordNet resembles
a thesaurus in that it represents word meanings primarily in terms of conceptual-semantic and
lexical relation. Therefore, a synset, the foundation of WordNet, is constructed by assembling
a set of synonyms that together define a unique sense. The basic idea of Ramanand and Bhat-
tachayya’s approach is that a lexical entry in the dictionary is usually defined in terms of its
hypernyms or synonyms. Hence, they use the concept of synset to suggest that ‘if a word w is
present in a synset along with other words wi1,w2,... wk , then there is a dictionary definition of
w which refers to its hypernym or to its synonyms from the synset.” With this assumption, three
groups of rules were applied in order in the algorithm for validating synonymy and hypernymy
relation among Wordnet synsets. For example, for the rule which can denote hypernymy, the
author defined that the definitions of words for particular senses often make references to the
hypernym of the concept. Such as synset: { brass, brass instrument} and its hypernym: {wind

instrument, wind }. The relevant definition of brass instrument is: a musical wind instrument of
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brass or other metal with a cup-shaped mouthpiece, as the trombone, tuba, French horn, trum-
pet, or cornet. The positive results of Ramanand and Bhattachayya’s approach proved that the
basic idea behind the algorithm holds well: by using the definitions of each word, hypernymous

or synonymous relations among words can be discovered.

Chklovski & Pantel (2004) and other related works

In [9], Chklovski and Pantel also used some simple lexico-syntactic patterns to automatically
discover fine-grained verb semantics. The so-called ‘fine-grained’ semantics, as mentioned in
section 2.2.3, relates words in a syntagmatic way. It is differed in focus from previous studies
which related verbs to each other by organizing them into classes or identifying their frames
or thematic role. It is also differed from WordNet which provides relations between verbs at a
coarser level, such as hypernym, antonym, synonym, etc. Chklovski and Pantel related verbs
in a broad-coverage semantics such as strength, enablement, and temporal information. Verbs
which are related in a syntagmatical way together made up a semantic network called VerbO-
cean.

Syntactic pattern -based approach were then proposed by Chklovski and Pantel in order to
automatically extract verb relations within VerOcean. The approach can be divided into two
stages. First step was to extract highly associated verb pairs as experimental data which were
output by a paraphrasing algorithm called DIRT proposed in [27]. Afterwards, syntactic pat-
terns were used to detect the possible semantic relations among verbs. By examining pairs of
verbs in known semantic relation, 35 syntactic patterns were selected manually. For example,
one of the surface patterns used to identify the strength relation is: X and ever Y; Yed or at
least Xed, and for patterns that denote enablement are: Xed by Ying the or to X by Ying the,

etc. Since verbs are the primary core for describing events and events are exhibiting the rela-
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tion of different entities, successfully identified fine-grained semantic relations is important in

question-answering or summarization system.

2.4.2 Clustering-Based Approach

Finding semantic relations by clustering is another approach used in automated extraction.
However, it is less common and has been applied only on is-a relation insofar [39]. Recently,
Pantel and Ravichandran [38] proposed an algorithm labeling semantic classes and their con-
cepts by clustering and then automatically harvest is-a relation using a top-down approach. Un-
like a bottom-up approach which depends on surface syntactic patterns to discover hyponym
relations (cf. [21]), Pantel and Ravichandran’s is a top down approach. They made use of
semantic classes which discovered by clustering algorithm called CBC (Clustering by Com-
mittee) proposed in [37] and output a ranked list of concept names for each semantic class.
After knowing the general concept of a group of words, the extraction of hyponyms will be
easy. For example, the following semantic class extracted automatically by CBC consists of
words shown below:

(A) multiple sclerosis, diabetes, osteoporosis, cardiovascular,
disease, Parkinson’s, rheumatoid arthritis, heart disease, asthma,
cancer, hypertension, lupus, high blood pressure, arthritis,
emphysema, epilepsy, cystic fibrosis, leukemia, hemophilia,
Alzheimer, myeloma, glaucoma, schizophrenia,

After the above semantic class (A) is labeled with the concept disease by using its member’s
lexical or syntactic dependencies, the is-a relationship can be extracted easily such as: multiple

sclerosis is a disease, and diabetes is a disease, etc.
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2.4.3 Bootstrapping Approach

The rich and structured semantic information in WordNet or EuroWordNet can be transported
through accurate translation if the conceptual relations defined by lexical semantic relations
(Hereafter, LSRs) remain constant in both languages. In Huang et al.’s paper [24] [25], cross-
lingual LSR inferences were examined by bootstrapping a Chinese Wordnet with Princeton
WordNet. As known, a semantic network is critical for knowledge processing, but it is not an
easy task to create a semantic-relation based wordnet by manually construction. Therefore, by
using an existing wordnet as a medium, it is hoped that a wordnet for a low-density language
can be built through bootstrapping. The basic idea of bootstrapping lies in the universality
of lexical semantic relations; through accurate translation between two languages, an existing
database such as WordNet can serve as a potential common semantic network. In [24], a small
set experiment data including 210 most frequently used Chinese words were served as input
data and examined the validity of cross-lingual LSR inferences by bootstrapping a Chinese

Wordnet from Princeton WordNet.

"W g W,

CW, 2 EW,

i

|

Y X

|

|
CW,; ¢ EW,
x=EW,;-EW, LSR
y=CW;- CW, LSR
i=CW,;-EW,; Translation LSR

ii=CW, - EW, Translation LSR
The predicted LSRy=1+x +1i

Figure 2.3: Translation-mediated LSR Prediction (The complete model)

Figure 2.3 can demonstrate the bootstrapping method in Huang et al.’s study: CW; represents
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the starting Chinese lemma which can be linked to EW; through the translation relation i, and
therefore EW; can provide a set of LSRs based on WordNet. EW5, under this situation, can be
linked with EW; through relation x. LSR prediction is mapped back to Chinese when EW is
translated to CW,. However, according to the authors, Figure 2.3 is only an ideal bootstrapping
model since language translation involves more than semantic correspondences. Social and
cultural factors also play a role in human choices of translation equivalents. Regardless this
fact, the aim of Huang et al.’s study is to see how much lexical semantic information is inferable
across different languages so the translational idiosyncrasies are ignored and the ideal model
can be illustrated in Figure 2.4 where it is assumed that there is no translational discrepancy

between CW;/ EW; and CWy/ EW,,.

CV b= E\"Vg
o

f
yi | x

(==
CW:i=EWi (i=0)
The unknown LSR v =x

Figure 2.4: Translation-mediated LSR Prediction (when translation equivalents are synony-

mous)

Hypernymy, hyponymy and antonym relation are tested in [24] for these relations are transitive
and allow clear logical predictions when combined. The results show that lexical semantic
relation translations are indeed highly precise when they are logically inferable. Also, in terms

of syntactic categories, it is observed that nominal semantic relations are more reliably inferred
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cross-linguistically than verbal semantic relations. The fact that verbal relations are less reliable
after bootstrapping is not a surprising result since polysemous lemmas have lower possibility
of being synonymous to the corresponding English synset. That is to say, verb meanings are
more mutable than noun meanings hence make it more difficult in cross lingual bootstrapping.
In sum, the positive results in Huang et al.’s study set up a theoretical model for the following
researches that LSRs do have the ability to transport cross-lingually, at least for hypernymy,

hyponymy, and antonym relations.

2.5 Summary

In this chapter, the studies pertaining to the following issues are reviewed: semantic relation-
based Wordnets, lexical semantic relations of verbs, troponymy, and automated approaches of
extracting semantic relations.

Creating a semantic relation-based database is crucial for knowledge mining and natural lan-
guage processing. Some semantic relations such as is-a relation, part-of relation have been
successfully discovered by automated method. However, the literature survey reveals that there
is no study targeting at hypernymy-troponymy relation in Chinese yet. Therefore, in this chap-
ter, detailed definition and information of troponymy are being reviewed; also, three approaches
on automatic extraction of semantic relations are introduced as well. To date, most researches
on lexical relation discovering have been focused on is-a relation or part-of relation by using
syntactic pattern-based or clustering-based approach. Syntactic pattern-based algorithm is a
bottom-up approach and is the most commonly used one for that sentence structures can al-
ways denote relations and reveal information among lexical entries. On the other hand, the
top-down clustering-based approach, which is used less often, has an advantage that it can

identify hyponymous relations that do not explicitly appear in text or patterns. Bootstrapping
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approach has been used for mapping English WordNet onto Chinese Wordnet but the experi-
mental data is rather small and an important factor—translational idiosyncrasy— is being ignored.
The literature review shows that none of these approaches were used to extract troponymy rela-
tion particularly in any languages: syntactic-based approach is used to extract is-a relation and
part-of relation only among nouns, and although clustering-based approach has been used to
extract relations of verbs, it focused on the syntagmatic relation but not hierarchical one. This
thesis, therefore, is going to adopt the syntactic pattern-based and bootstrapping approach for
extracting semantic relations. Clustering-based approach, unfortunately, is rather unachievable
during this phase so will not be concerned as one of the approaches. It is hoped that the re-
sults can serve as a useful framework for the subsequent studies on the extraction of semantic

relations.
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Chapter 3

Methodology

This chapter presents two main approaches that this thesis adopts to automatically extract Chi-
nese verb pairs in hypernymy-troponymy relation. These two approaches were implemented
parallely and will be illustrated separately in the following sections. Section 3.1 describes how
lexical syntactic pattern-based approach processes while Section 3.2 illustrates the procedure
of bootstrapping approach. Finally, how to evaluate and score our results will be introduced in

the final part of this chapter.

3.1 Syntactic Pattern-Based Approach

This section introduces the first approach used in the thesis, including the data source, two

syntactic patterns in Chinese, the programming language and the procedure.

3.1.1 Database: Chinese WordNet

In this thesis, all verbs in Chinese WordNet (CWN) were used as the experimental data.
Launched by Academia Sinica, CWN can be seen as a machine readable dictionary which

covers 5600 medium frequency words and their explicit senses (until 2006). In recent years,
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more and more studies on automatic extraction rely on large corpus or the unrestricted Web
text as mining resources since the web serves as a strong application of data mining. The in-
formation on the web is immense, free, and easily available; it contains hundreds of billions of
words or text, and can be used for all manners of language research. Despite the multi-faceted
advantages of using the Web as corpus, it is more feasible for our approach to narrow down the
scope to a dictionary-like database—- Chinese WordNet for the following considerations:

First, situation in Chinese is much more complicated in unrestricted text. Due to the varied
forms and contents of the unrestricted text, language is easily metaphorized in free text. Take
the is-a relation from web for example, we searched the corresponding pattern in Chinese ShiY-
iZhong ‘is a kind of” from the search engine Google' and the following sentences are the first

five results returned by it:

(1)  FEE#ER04: FEFR—MEMEFE (Chopsticks is akind of lever.)

Q) R EEE—TE B E- WRETCH (Writing is a kind of treatment.)

(3) HEKREEEBBEFEREEE (Tue-kwon-do is a kind of attitude.)

@ [ AL | R—FEEES? (Intriguing against each other is a kind of ability.)

®) KT XACEY B2 —TEF BB (Chaos is a kind of commercial possibility.)

From the above example sentences, it is apparent that none of the noun pairs which fix the N; is
a kind of N, pattern are in hypernymy-hyponymy relation. At least, none of these pairs indicate

the is-a relation in WordNet; rather, all of them are being metaphorized to express some abstract

Thttp://www.google.com.tw/ (retrieved on 2008/11/5)
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concepts. The first five results returned by the searching engine were not in accordance with our
taxonomic aim, implying that they might have lowered the precision rate because of the large
amount of indirect and unrelated data on the web. For this reason, unrestricted web texts are not
considered to serve as the mining resource in this study. Second, in this thesis we proposed two
syntactic patterns which can indicate hypernymy-troponymy relation. We assume that there
might exist a lexical semantic relation between a defined entry and its dictionary definition,
represented through certain syntactic patterns. In this thesis, it is postulated that the hypernym
of the defined verb might appear in the definition. Therefore a dictionary-like database with
explicit definition of each sense like CWN was chosen. Third, for a WordNet-like database in
Chinese such as CWN, lexical semantic relations between senses or lemmas themselves have
not been fully constructed yet. Hence, it is hoped that the results returned by our approaches

can be applied directly onto the existing database, helping to enhance its integrity.

3.1.2 Data Pre-processing

Verbs with distinct senses were extracted from CWN word list, serving as the experimental
data in the approach. This input verb list contains 10388 entries of verb senses in total and each
verb entry is followed by its definition. As known, most verbs have more than one sense, and
each sense of a given word might have their own hypernyms and troponyms. Note that the verb
list extracted from CWN contains verbs with distinct senses, indicating that each entry repre-
sents one sense but not one verb; also, different senses of a same verb were marked by serial
numbers. Next, for the sake of programming, we apply the following preprocessing methods

to the source data:

e Tokenizing: Tokenization was applied onto the input text, aiming at separating punctua-
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tion marks from words and identifying sentence boundaries.

e POS tagging: Assign word class to tokens through Chinese segmentator and POS tagger?.

After pre-processing of the raw data, our input list then created. Example (6-a) to (6-¢) show

some example entries in this verb list:

(6) a. Z18(VH) @ & (Na) Ll(P) XF(Na) HJ(DE) 7 (Na) Mf& (vC)
fib A (Nh) B (DE) FREE (Na) $
b. #.1(vA) € Ll(p) F(Na) fif1(vB) f(vL) AN (Na) Bi(Caa) #(Na)
iyt (D) T (VAC) $
c. Bm_1(va) @ M (p) [# (2) K (DE) Hx (Na) 2K (D) FEZE (VC)S$

d. X13(VH) @ A (Na) & (D) f(vL) AWa) BH|(vk) & (vH) BJ(DE) S

e. FEl 4(vec) @ B(p) A (Nh) E4A (Nv) BENv) B (Caa) [EIHL (Na)s

As example (6) shows, the @ symbol is used to separate the defined verb and its definition while
$ is used for the ease of tokenization. From example (6-d) and (6-€), it can be noticed that verb
entries are differentiated by senses but not word forms. The serial number is used to indicate
the sense order of a lemma, for example, Z1_3 in (6-d) represents the third sense of the first

lemma of I=.

Zhttp://ckipsvr.iis.sinica.edu.tw
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3.1.3 Syntactic Patterns in Chinese

Our first approach is basically based upon previous formulated ones that using syntactic pat-
terns as indicators to find lexical semantic relations. As known, the structure of a lexical entry
in a dictionary sometimes reflects the relatedness of words and concepts [21]. In this approach,
two syntactic patterns were manually selected by examining pairs of verbs in known semantic

relations:

Syntactic Pattern 1

Definitions of verbs for particular sense often refer to certain or specific manner of their hyper-

nyms. Hence, the definition may appear in the lexical syntactic pattern that ‘yi /yong /liyong... V},. ..

(by/with .. .to V)’ where sentences or phrases followed by the target words ‘yi/yong/liyong’

are used to further illustrate certain manners. For example, in Chinese WordNet, the first sense

definition of (VA) zou‘to walk’ is:

(7 & LW KE [ BE
zou : Yi LiangTui JiaoHu XiangQian YiDong
To walk: moving forwards by two feet.

Our first pattern is, when a verb V,’s definition contains the pattern ‘yi... Vj... or

‘yong/liyong...Vy...  in the sentence, we may take this verb V;, out or take out all verbs ap-

pearing after yi and yong/liyong if there is more than one. The verb(s) V}, could be labeled as
the hypernym of V, . Therefore, from the above example, we can label yidong ‘to move’ as the

hypernym of the verb zou ‘to walk’.
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Syntactic Pattern 2

Deriving from Fellbaum’s formula of troponymy [17]: fo V; is to V, in some particular man-
ner, we may assume that this ‘particular manner’ can be represented by an adverbial expres-
sion in Chinese. For example, the definition sentence of a defined verb V; contains the pattern

‘X di Vy, (to Vi, X-ly)” where X-ly can be seen as a specific manner modifying V;,. Since adver-

bial phrase in Chinese often appeared with the suffix ‘di’, we then extract the verb that follows
this adverb as the hypernym. For example, in Chinese WordNet, the first sense of (VA) saomiau

‘to scan’ is:

wo —R

®) W KE OEE R RE #
Di Kan Guo YiCi

saomiau : Zai TeDing FanWei Nei KuaiSu
To scan : to look fast within a certain scope.

E
Ka

Therefore, according to our second syntactic pattern, we will extract the verb kan ‘to see or
to look’ which occurred following the adverb kuaishudi ‘fast’ in the definition sentence as the

hypernym of saumiao ‘to scan’.

3.1.4 Procedure

We implemented the first approach by using Python(2.5.2)? as the programming language (Pro-

gramming Code is shown in Appendix A). As mentioned, in this approach we aim to find out

possible verb pairs in hypernymy-troponymy relation by syntactic patterns: ‘yi/yong/liyong... V...

(by/with...to V;)’ and ‘X di V; (to V; X-ly).” Therefore, yi ‘by’, yong ‘with/by/to use’ and di

‘suffix for adverb’ served as the target words for programming. First, verb entries containing

3http://www.python.org/
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target words would be extracted out. Next, all verbs* occurring after the target words would be
extracted again to serve as possible hypernyms. Therefore, taking example (6) as instant input,

the program returned the results as shown in (9).

(9 a  ZIB(VH)e g (ve)
b. #.1(vC) @ fif1(vB) Ej(vac)

c. B/R_1(VE) @ FRE (VC)

From input verb list (6-a) to (6-c), the program returned the results (9-a) to (9-c) where the first
verbs are the troponyms and verbs after ‘@” symbol are their possible hypernyms. For exam-
ple (6-d) and (6-¢), the program will not returned any results for these entries do not contain
the target words. It may be intuitively noticed that extracting all verbs that occurring after the
target words would cause some errors. In fact, it seems an unavoidablely technical problem due
to the syntactic structure of sentences. This type of error will be analyzed in detail in the fol-
lowing chapter. Lexical syntactic pattern-based approach can be summarized by the following

algorithm:

4CWN subdivided verbs into 15 different subcategories including VA VAC VC VB VCL VD VE VF VG VH

VHC VI V] VK VL
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Input: Verb sense list with definitions V;, V5, ... and V,
Output: Predicted hypernyms of the input defined verbs

foreach definition of verbs Vy do
Word segmentation and POS tagging via CKIP;

foreach definition of input verbs V; do
check whether they contain the lexical syntactic pattern one;

if matched then
| label the verb(s) V; as a hypernym of V;;

end

end
end
while Unscheduled tasks remaining do

foreach definition of verbs Vy do
check whether they contain the lexical syntactic pattern two;

if matched then
| label the nominalized verb 1V; as a hypernym of V; ;

end

end

end
Algorithm 1: Algorithm to automatic labeling of hypernymy-troponymy relation

3.2 Bootstrapping Approach

It is tacit that Lexical Semantic Relations(LSRs) are universal [45] [16], that is, LSRs will hold
true across different languages; hence, it can be plausibly postulated that LSRs can be trans-
ported and acquired by bootstrapping. In [24] [25], the validity of cross-lingual LSRs infer-

ences was examined by bootstrapping a Chinese WordNet with Princeton WordNet. The results
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verified that LSRs can be acquired by mapping from an existing WordNet through translational
equivalent relation. Having positive outcomes in previous studies, we then adopted bootstrap-
ping as an approach and expand the source data to a larger scope in order to find out Chinese
hypernymy-troponymy verb pairs as more as possible. Unlike the bootstrapping approach used
in [25] and [24] where LSRs are predicted by starting from a Chinese lemma linking to En-
glish WordNet synset, we started from targeting at certain LSRs in the excising WordNet (here,
the hypernymy-troponymy relation), extracting English verb pairs in this relation and predicted
that Chinese verb pairs can be acquired through translation equivalent relation. Figure 3.1 rep-

resents a general model of bootstrapping approach used in this thesis:

EWy i » CWy
X _}
EW, if » CW,

x=EWy-EW, Hypemymy-troponymy relation in English
y=CWy-CW, Inferred hypemymy-troponymy relation in Chinese
i=EWy-CWy Equivalent translation relation
ii=EW,;-CW;  Equivalent translation relation

Figure 3.1: Bootstrapping model

X represents our starting LSR in Princeton WordNet. By targeting at a certain relation, verb
pairs which are known in the relation x can be extracted. Here, a verb pair EW,-EW, is in
hypernymy-troponymy relation where EW;, stands for English hypernym and EW, for tro-
ponym. Assume that LSRs, including hypernymy-troponymy relation, can be transported

cross-lingually, then y is the inferred relation transported from x, that is, LSR y is the inferred
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hypernymy-troponymy relation in Chinese. Accordingly, when EW;, and EW, are translated
into Chinese with equivalent translation relations i and ii, a Chinese verb pair CW; / CW,

which is in hypernymy-troponymy relation is then acquired.

3.2.1 Data Source

Data source used in this approach is different from the database (CWN) used in syntactic
pattern-based approach. Since bootstrapping relies on transporting an existing wordnet database
to another through equivalent translation, we then resorted to Princeton WordNet and the Sinica
Bow as our data sources, especially depended on the hypernymy-troponymy relations in Word-

Net and English-Chinese Translation Equivalent Database(ECTED) in Sinica Bow.

Extracting WordNet relation

In WordNet, LSRs including hypernymy-troponymy relation are defined between synsets, that
is, between senses of words. In this approach, we employed the latest version of WordNet
(WordNet 3.0)° to extract verb synsets that are in hypernymy-troponymy relation. Word-
Net contains 13767 synsets of verbs in total, within which are 3315 synsets pairs having
hypernymy-troponymy relation. A pair of verb synset which is in hypernymy-troponymy rela-

tion is shown as follow:

(10) Synset (‘exhale’%2:29:00::) = Synset (‘blow’%2:29:00::), Synset (‘snort’%2:29:00::)

As can be seen from example (10), synset to the left of the arrow is the hypernym while synsets

to the right are the troponyms. Therefore, ‘exhale’ has two troponyms ‘blow’ and ‘snort’.

>http://wordnet.princeton.edu/
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Note that hypernymy and troponymy are separated relations in WordNet; hence, we anchored
hypernymous synsets and returned all the troponyms. The numerical expression follows the %
symbol is the sense key of each synset. We extracted each sense key for the sake of further
mapping with equivalent translation. Apparently, a synset will carry more than one troponyms

and it is needed to split them into one-to-one correspondence as the following example shows:

(11 a. Synset (‘exhale’%2:29:00::) = Synset (‘blow’%2:29:00::)

b.  Synset (‘exhale’%?2:29:00::) = Synset (‘snort’%?2:29:00::)

After all synset pairs were splited, a total of 13239 synset pairs that are in hypernymy-troponymy
relation was yielded and served as our data source waiting for further mapping with Chinese

equivalent translations.

ECTED

As mentioned in section 2.1.3, Sinica Bow is constructed by integrating WordNet, English-
Chinese Translation Equivalence Database (ECTED), and SUMO. In this study, we extracted
ECTED from Sinica Bow for it contains translation equivalent pairs based on a WordNet synset
(WordNet version 1.6). Each translation was created manually. Most important of all, the
translation was based on senses but not merely word forms which makes it different from any
English-Chinese dictionary resources. The database includes synsets in WordNet, together with
their synset id., and the equivalent translation in Chinese. We extracted out all equivalent trans-
lations of verb synsets which are 12127 in total. The following example shows the equivalent

translation of verb synset ‘exhale’:
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Synset id. WordNet synset Equivalent translation in Chinese

0003142V | exhale,expire,breathe out 58 (HuChi), 5@ (TuChi)

3.2.2 Procedure

Data source was processed by Python 2.5.2. With the help of Natural Language Toolkit(NLTK)
version 0.9.8°, WordNet relations can be easily processed, counted, and extracted (Program-
ming Code are shown in Appendix A). Bootstrapping, in short, aims to transport an exist-
ing WordNet to another one. In this study, the main idea of this approach is to map English
hypernymy-troponymy verb pairs to Chinese through equivalent translations. The mapping
procedure first imports hypernymy-troponymy verb pairs extracted from WordNet, which are
13239 verb synset pairs in total, then performs a mapping process with ECTED. The two data
sources were mapped by sense key, or synset id.”, but not word forms. This prevents the er-
rors of wrong mapping of polysemous verbs. Recall that in ECTED there are totally 12127
verb synset pairs translated from English into Chinese. The number is a bit lower than those
extracted from WordNet. This discrepancy is mainly due to the different version of WordNet:
we extracted LSR from WordNet 3.0® but the ECTED was created based on WordNet 1.6. The
difference infers the truth that there must be some verb pairs failing to be mapped to Chinese.
However, since the difference is rather small (1112) compare to overall synsets number (12127)
and it is unworkable to find out the diversity in ECTED, this discrepancy will be ignored in the
approach. Here, we limit our examination to the synsets that can find Chinese equivalent trans-

lation in ECTED.

Shttp://www.nltk.org/

"Synset id. is used in WordNet 1.6 while sense key is used in WordNet 3.0. Both of these representations refer
to the specific identification of synset in WordNet. A pre-processing program was used to unify these two different

expressions.
8The built-in WordNet version in NLTK(0.9.8) is 3.0
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As mentioned, due to the different WordNet version used in data sources, verb synsets
are not equal in these two data. Synsets pairs extracted from WordNet is more than those in
ECTED, indicating that newly- added synsets in WordNet 3.0 were not included in ECTED.
Under this situation, we skipped the synsets that can not find correspondent equivalent trans-
lation. After the mapping was done, a total of 11289 verb pairs were mapped to Chinese.
Example (12) shows the results from bootstrapping; as shown, verbs to the left of the arrow is
the hypernym, and verbs to the right are troponyms. And Figure 3.2 shows the overall proce-

dure of bootstrapping approach:

(12) a. ™R (HuChi, ‘exhale’) = W (Chui, ‘blow’)

b. & (Huchi, ‘exhale’) = B & B (PenBiShi, ‘snort’)

3.3 Evaluation and Scoring

Both the two approaches return possible Chinese hypernymy-troponymy verb pairs and these
results will be evaluated by a similar criterion. However, due to the different data sources
(CWN in syntactic pattern-based approach and WordNet/ECTED in bootstrapping approach)
used in these two approaches, the results should be calculated separately. Owing to the lack
of ground truth data in the real world, that is to say, there is no database showing semantic
relations of verbs available in the real world, we redefined the way in calculating the accuracy

rate in this thesis. The following subsections introduce the criterion for evaluation and scoring.
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ECTED

WordNet 3.0 (based on WordNet 1.6)

English- Chinese

Hypernymy- troponymy equivalent translation
Synset pairs for

Verb synsets

Sy, 2

Mapping with sense keys

—

Chinese verb pairs in
hypernymy-troponymy relation

Figure 3.2: Overall procedure of bootstrapping approach

3.3.1 Evaluation

After the automatic extraction was done, human labor was used to inspect the correctness of
the outcomes. There are totally four people who are all native to Chinese with linguistic back-
ground spending about three weeks evaluating the returned results from both approaches. Af-
terward, all the evaluated results will be double-checked again by the author. The criterion for
evaluating and scoring the results will be illustrated in the following. Since there is not yet
a Gold Standard of hypernymy-troponymy relation nor a WordNet-like database in Chinese,
we adapted substitution test for evaluating the results. Substitution test is commonly used in
linguistic literature [43]; EuroWordNet provided linguistic tests for each semantic relation to

examine the validity [4]. In Tsai et.al [43], sentence formulae were created following the frame
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in EuroWordNet to examine the validity of certain semantic relations in Chinese. Linguistic
semantic tests help researcher check if two word meanings have a certain kind of semantic
relation or not, and further ensure the quality and consistence of the database. Therefore, fol-
lowing the previous framework, a set of sentence formulae based on properties of troponymy

was created to verify the correctness of hypernymy-troponymy verb pairs.

According to Fellbaum’s detailed analysis of verb relations [17], it is known that troponymy
is a kind of entailment and is characterized by the properties of temporal inclusion and co-
extensiveness. Temporal inclusion distinguishes troponymy from other kinds of entailment
like backward-presupposition and cause relation. Co-extensiveness, on the other hand, differ-
entiates troponymy from verb pair such as snore/sleep which also involves temporal inclusion.
Due to the above properties of troponymy, the following sentence formulae are proposed to test

the validity of semantic relation and evaluate the results found by our algorithm.

Sentence Formulae for Hypernymy-Troponymy Relation

If a pair of verb (V}, V) is in hypernymy-troponymy relation, then:
(i) Vy, is the hypernym of V, , V;, has the superordinate conception of V.
(i1) V; is the troponym of V;, V; inherits properties of Vj, and is specified in some certain

manners.

Sentence Formulae:

S1( Vi, Vi) = ViZ2—HV,R 7,
V, Shi Yi Zhong V;, De FanShi.
“V, is a way of V.
So(Vi, Vi) = AIRMEFE) Ve, HIEAMRER—E [FE/ &1 V).
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RuGuo Ta ZhengZai V;-ing, NaMa Ta TongShi YiDingZai V-ing

‘If he is V;-ing, then he must be V,-ing at the same time.’
S3(Vi, Vi) = MIRMAETE)V,, HIEMFER—EE/ FIV,o *

RuGuo Ta ZhengZai Vj-ing, NaMa Ta TongShi YiDingZai V,-ing

‘If he is Vj-ing, then he must be V;-ing at the same time.”*
S; is derived from the formula of troponymy defined by Fellbaum in [31]: fo V; is to V; in
some particular manner. However, only S; is not enough to verify troponymy, for example,
verb pair (ChengGong ‘succeed’/ChangShi ‘try’) is not in hypernymy-troponymy relation but
it seems grammatical when they fit into Sy: ChangShi Shi YiZhong ChengGong De FangShi
‘Trying is a way of succeeding.” Therefore, testing sentences need to cover other properties of
troponymy. S,, hence, examine whether a verb pair has the properties of temporal inclusion and
co-extensiveness. Ss is counter to So; the reason of using S is to avoid synonym pairs. Take two
synonym verbs (zou ‘to walk’/ bushing ‘to go on foot’) for example, there is no grammatical
problems when substituting these verbs into Sy and Ss: RuGuo Ta ZhengZai Zou, NaMa Ta
TongShi YiDing Zai BuShing ‘If he is walking, then he must be going on foot at the same time’,
RuGuo Ta ZhengZai BuShin, NaMa Ta TongShi YiDing Zai Zou ‘If he is going on foot, then
he must be walking at the same time’. Therefore, the final condition for troponymy to hold is
that testing by S3 must be WRONG. The rules of evaluating hypernymy-troponymy pairs can

be summarized as following rules:

Rule

For each verb pair (Vy, V,), if:
S1( Vi, Vi) and So(Vy, V, ) are grammatical and meaningful.

And:
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S3(Vp, V) is ungrammatical and makes no sense.
Then:

Verb pair (Vy,, V; ) is in hypernym-troponymy relation.

Example 1:

(Vn, Vi) = (vidong ‘to move’, zou ‘to walk’)
S1( Vi, V¢ ) =Zou Shi YiZhong M De Fang Shi
‘Walking is a way of moving’
So(Vp, Vi) = RuGuo Ta ZhengZai Zou, NaMa Ta TongShi YiDing Zai %
‘If he is walking, then he must be moving at the same time.’
S3(Vh, Vi) = RuGuo Ta ZhengZai YiDong, NaMa Ta TongShi YiDing Zai Zou*
‘If he is moving, then he must be walking at the same time.”*
The above example shows that S1( Vp, Vi), So(Vy, Vi ) are grammatical and S3(Vy, Vi)
is not because if someone is moving, he could also be running, jumping, sliding, etc. Verb
pair (YiDong‘to move’, Zou ‘to walk)’ satisfies all the testing sentences therefore they are in

hypernymy-troponymy relation.

In order to prove that the sentence formulae do have the validity of distinction, we take

another verb pair which does not in hypernymy-troponymy relation for example.

Example 2:

(Vh, Vi) = (ChengKung ‘succeed’, ChangShi ‘try’)
S1( Vi, Vi) = ChangShi Shi YiZhong ChenKung De FangFa
‘Trying is a way of succeeding.’
So(Vi, Vi) = RuGuo Ta ZhengZai ChangShi, NaMa Ta TongShi YiDing Hui ChengKung*
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‘If he is trying, then he must succeed at the same time.”*
S3(Vp, Vi) = RuGuo Ta ChengKung, NaMa Ta TongShi YiDing Zai ChangShi*
‘If he succeeds, then he is trying at the same time.” *
As example sentences show, verb pair (ChengKung ‘to succeed, ChangShi ‘to try’) does not

satisfy the rule for that So(V;,, V; ) is non-factive and thus ungrammatical.

3.3.2 Scoring

Results returned by each approach were analyzed separately. From syntactic pattern-based ap-
proach, the program returned a list of verb pairs which are possible in hypernymy-troponymy
relation. For scoring the results, the correct ones were calculated by filtering through testing
sentences. The input verb and its correct hypernyms together make up a hypernymy-troponymy
pair. As mentioned, one verb can have more than one hypernym, under this situation, it is scored
as different hypernymy-troponymy pairs. For example, when % 1_1 (Shu, ‘to gird’) carries the
sense of “encircle or bind”, two hypernyms were returned by the program: ### (ChanRao,
‘to encircle’) and [& 7€ (GuDing, ‘to fix’). Therefore, the results were calculated as two sep-
arate hypernymy-troponymy pairs: 31_1 (Shu, ‘to gird’) / #£#% (ChanRao, ‘to encircle’) and
H1_1 (Shu, ‘to gird”) / &€ (GuDing, ‘to fix’). As for the results from bootstrapping approach,
there is only one-to-one correspondence will be returned. Therefore, each possible hypernymy-

troponymy pairs will be evaluated and calculated.

After all the results were evaluated, the accuracy was calculated. Instead of computing
the precision and recall rate, we reckoned the accuracy rate since there is not yet a ground
truth database existing in the real world. That is, there is not yet an available database show-

ing all the hypernymy-troponymy verb pairs. Note that our approaches relied on two different
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data sources—CWN for syntactic pattern-based approach and Princeton WordNet for bootstrap-
ping. For syntactic pattern-based approach, we aim to semi-automatically find out hypernymy-
troponymy verb pairs as more as possible from CWN. Similarly, bootstrapping approach ex-
tracts all synsets pairs in our target relation from WordNet, which can be seen as a standard
database. Owing to the lack of Gold Standard in Chinese, we can only calculate proportion of
correct results retrieved from our program. In order to make a distinction from precision/recall
rate, we termed our statistical representation as accuracy rate which is redefined as follow:

Numbero fcorrectwordsretrievedbyprogram
Accuracy rate =

Numbero ftotalretrievedwords

With regard to the returned results that are not in our target relation, a qualitative analysis

was conducted so as to investigate the causations lead to the errors.

3.4 Summary

Chapter Three presents two approaches adopted in this thesis aiming to extract verb pairs in
hypernymy-troponymy relation. Lexical syntactic pattern-based method is commonly used in
finding semantic relations because the structure of a sentence can reflects the relatedness of
words and concepts. Bootstrapping approach, on the other hand, aims to exploit an already
existing resource and combining them within a common, standard framework. These two pro-
posed approaches were processed parallely for that there is methodologically and experimen-
tally no direct connection between them. The results will be analyzed and calculated separately

as well. In-depth results will be analyzed in the following chapter.
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Chapter 4

Results and Error Analyses

This chapter reports the results of syntactic pattern-based and bootstrapping approach, along
with quantitative evaluation of the results and detailed error analyses. Section 4.1 displays
the results returned by the first approach and discusses some types of semantic and syntactic
problems that lead to the errors. Section 4.2 examines the results of bootstrapping approach and
discusses some problems observed from the results. Although the thesis presents two parallel
approaches in finding hypernymy-troponymy verb pairs in Chinese, an integrated comparison
and discussion is needed. Thus, Section 4.3 dedicated to the discussion of the two approaches

used in the study. Finally, a general summary of this chapter is given in the last section.

4.1 Results from Syntactic Pattern- based Approach

This section displays the results returned by syntactic pattern -based approach. As mentioned,
two syntactic patterns in Chinese were manually selected to extract hypernymy-troponymy
relation. Table 4.1 shows a general results and accuracy rate of the approach (correct returned
pairs are shown in Appendix B).

As table 4.1 shows, the first column displays the number of verb entries that are in ac-
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Verb entry Correct Incorrect Total Accuracy
troponymy pairs | troponymy pairs | troponymy pairs
retrieved retrieved retrieved
Pattern 1: 1058 828 590 1418 58.39 %
vi/yong/liyong/...V
Pattern 2: 174 161 50 211 76.30 %
..DiV

Total 1232 989 640 1629 60.71 %

Table 4.1: General results of syntactic pattern-based approach

cordance with the syntactic patterns. Next, from these verb entries, the program extracted
possible hypernymy-troponymy pairs, of which correct and incorrect ones were calculate and
shown in the second and the third column respectively. For syntactic pattern 1, there were to-
tally 1058 verb entries being extracted from the input verb list (10388 entries in total). Within
the 1058 verb entries, which contain target words yi, yong or liyong, a total of 1418 possible
hypernymy-troponymy verb pairs was found, of which were 828 correct pairs and 590 incorrect
ones, leading to a 58.39% accuracy rate. In terms of syntactic pattern 2, there were only 174
verb entries out of 10388 fitting in with the pattern, and from this 174 verb entries, a total of
211 possible hypernymy-troponymy pairs were extracted, of which included 161 correct ones
and 50 incorrect ones resulting in 76.30% accuracy rate. As for the overall results, there were
totally 1629 possible hypernymy-troponymy pairs being extracted from 1232 verb entries, av-
eraging 1.32 hypernyms per input verbs, indicating that for each input verb entry, the program
extracted more than one possible hypernyms. Nevertheless, the precision rate shows how the
program performs in this experiment. From table 4.1 we see that there were totally 989 correct

hypernymy-troponymy pairs and 640 incorrect pairs being extracted, leading to a 60.71% ac-
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curacy rate.

A number of facts can be deduced from the foregoing statistic. First is that verb entries
conforming to the lexical syntactic patterns are comparatively few. We use only two syntactic
patterns to extract verb relation, this will first filter out most entries in the input list. Only 1232
verb entries out of 10388 input entries were found to comply with syntactic pattern 1 and 2,
indicating that there is only a few proportion of verb entries from which the program can extract
possible hypernymy-troponymy relation. Another generalization relates to the performance of
each syntactic patterns. As can be seen in Table 4.1, syntactic pattern 1 identified a lot more
verb entries than pattern 2, however, in terms of the accuracy rate, syntactic pattern 2 performs
better (76.30%) than pattern 1 (58.39%). Although there is only a small portion of possible
hypernymy-troponymy verb pairs extracted by syntactic pattern 2 (compared to 1418 possible
pairs extracted by pattern 1), the accuracy rate is rather high. This presents that syntactic pattern
2 is more stable and reliable in extracting hypernymy-troponymy relation. This may due to the
syntactic and semantic problems of pattern 1, for example, the ambiguity of one of the target

words yi. More detailed analyses will be described in the following section.

4.1.1 Error Analyses

By observing the results returned by our program, unwanted or incorrect answers were found
to cause the decrease of the performance. A total of 640 incorrect hypernymy-troponymy verb
pairs (namely, 640 incorrect hypernyms) were found within the results returned by syntactic
pattern 1 (590 incorrect hypernyms) and pattern 2 (50 incorrect hypernyms). This subsection

probes into different types of errors which are generalized as follows:
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e Type 6. Wrong tagging of POS

Type 1. The ambiguity of yi

Type 3. Verb and verb phrase

Type 5. Abstract concept verbs

Type 2. Errors caused by syntactic structure

Type 4. The problem of synonym or near-synonym

Each error type will be discussed in detail in the following subsections and the percentage of

each error type was listed in Table 4.2:

Error type || Incorrect Hypernyms | Incorrect Hypernyms | Total Incorrect Hypernyms | Error Rate
from Pattern 1 from Pattern 2

Type 1 194 0 194 30.31%

Type 2 215 22 237 37.03%

Type 3 71 8 79 12.34%

Type 4 56 17 73 11.40%

Type 5 38 1 39 6.09%

Type 6 16 2 18 2.81%
total 590 50 640 100%

Table 4.2: Error types and percentage

Type 1. The ambiguity of yi

Recall that the first syntactic pattern used in the first approach is ‘yi/yong/liyong.

.. V... (by/with...to V},)

for it satisfied the definition of troponym— to V; is to V;, by a specific way or with a particular
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manner where V; is the troponym of V;,. In Chinese, it could be expressed by the target words
yi or yong. Therefore, hypernymy-troponymy pairs were expected to be found by first extract-
ing sentences containing the target words. Unfortunately, errors occurred when extracting the
target yi because not every yi extracted by our program is the correct ones. This is due to the
inability of WSD (Word Sense Disambiguation). According to the classification and definition
in CWN, yi serves as both preposition (P) and conjunction (Cbb). In this approach, only the
preposition yi will be extracted. Nevertheless, yi is still ambiguous due to its multi-senseness.
When yi serves as a preposition, there are about ten different senses classified by CWN includ-
ing by, in order to, dependant on, according to, etc. In this approach, it is expected that the

preposition yi is used as ‘by...manner’ or ‘with...manner’ as shown in the following example:

(1)  RFE3(VO) @ LUP) [FA(A) HRRENa) Y (VC)
BaoChun @ Yi  YuanBen ZhuangTai ShouCang
to keep @ To store (something) by (their) original state.

(2)  F#E3(VA) @ BU(P) M(Neu) I(Nf) ZZA(D) FI(P) Hi(Ned) BE)(VAC)
Zou @ Yi Liang Jiao JiaoHu Xiang Qian  YiDong
to walk @ moving forwards by two feet.

In example (1), BaoChun ‘to keep’ can be seen as a way of ShouChang ‘to store/to stock’,
elaborating by a certain manner— to store by something’s original state. Therefore, we obtain a
hypernymy-troponymy pair: (ShouChang ‘to store’/ BaoChun ‘to keep’). By the same token,
we get another pair (YiDong ‘to move’/ Zou ‘to walk’) from example (2).

However, not every yi that found by the program carries the meaning we want. As mentioned,
yi is a multi-sense preposition which carries about ten different senses. From the results, it
is observed that yi is also wildly used as ‘in order to (V;)’. Under this situation, yi is found

to be failed in indicating hypernymy-troponymy relation. The following examples contain the
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preposition yi with the sense of ‘in order to” within the definition of each verb entry:

(3)  #H3(VC) @ HEx(Na) &ill(Na) H{R(Na) LA(P) *#H(VE) EE(Na)
Ce @ KaoYan HouShu DuiXiang Yi  *FaXian ShiShi.
to surmise @ testing someone in order to discover the truth.

4  HEHE-1 @ #5F (VD) EEH(Na) LA(P) *E#(VK) fEYI(Na) *4£R(VH)
ShiFei @ GeiYu  Feiliao Yi  *Culin ZhiWu  *ShengChang
to fertilize @ fertilize plants in order to promote the growth.

In (3) and (4), none of the verbs that occur after yi is the correct hypernyms of the defined
verb, namely, FaShien ‘to discover’ and Ce ‘to surmise’ is not a hypernymy-troponymy verb
pair and either is (ChuJing ‘to promote’/ShiFei ‘to grow’) nor (ShengZhang ‘to grow’/ ShiFei
‘to fertilize’). Therefore, When yi carries the meaning ‘in order to V;’, it is failed to extract
V; as the hypernym. As Table 4.2 displays, errors caused by the ambiguity of yi yielded 194
tokens out of total 640 incorrect results, result in 30.31% error rate which is comparatively
high. Also, ambiguity does not occur in other target words such as yong ‘by/with’ in pattern 1
and di ‘adverbial suffix’ from syntactic pattern 2 for these words carries only one sense under
certain POS, that is, there is only one sense of yong when it serves as a preposition and so is di

when it serves as an adverb.

Word Sense Disambiguation has long been an open central problem at the lexical level in
NLP, ambiguous words can lead to irrelevant or unwanted information retrieval just as the am-
biguous preposition yi shows here. Many approaches or disambiguators have been proposed to
solve problems caused by ambiguity [36] , while many approaches were used to disambiguate
words in English, it is also found by researchers that features that are important for disambigua-

tion in English is not the same for that in Chinese [12]. For example, parse, predicate-argument
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information and selectional restriction play important role for disambiguation in English but
rather minor in Chinese [12] [47]. When the ambiguity occurs at the very basic level—the
lexical ambiguity, it seems even harder to disambiguate the polysemous senses automatically,

at least in the present approach, sense determination has to be done manually.

Type 2. Errors caused by syntactic structure

The second error type is caused by problems related to syntactic structures. As shown in Ta-
ble 4.2, a total of 237 out of 640 incorrect hypernyms belong to this type, ranking the highest
with a percentage of 37.03%. Both Pattern 1 and Pattern 2 involved in this type of error. As
mentioned, all verbs occurring after the target words will be extracted as the possible hyper-
nyms; however, a lot more unwanted results were extracted as well and consequently lowered
the accuracy rate. Extracting all verbs implies the regardlessness of the syntactic structure, or
to be more precise, the constituency of the sentences. This can be illustrated by the following

examples:

(5)  #T125(VC) @ LA(P) *#(VC) #{t(Na) #J(DE) /7 (Na) BLEH (VO) #ifk(Na)
Da @Yr *Tan  MianHua De FangShi ZhiZaoChu MianBei
to pluck @ producing a bed quilt by flipping the cotton.

6)  #1.1(VC) @ Hi(P) *EfEH(VC) #(Di) #77(Na) HJ(DE) %1 (Na) Bi(Caa) £i#(Na)
Diao @ Yong *LianJie Zhao GouZi De GanZi Huo  ChangXian

FHE(VC) 7K (Na) H1(Ng) 4:#)(Na)
BuZhuo Shui Zhong ShengWu
to fish @ To catch creatures in the water by using a pole with hook and fishing line.

Taking example (5) and (6) as inputs, the program extracted all verbs occurring after target
words as candidates and hence returned possible hypernymy-troponymy pairs as follows:

(i) *¥T1.25(VC)/ #(VC) *(Da ‘to pluck’/Tan ‘to flip’)
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(i1) T 25(VC)/ E5EH(VO) (Da ‘to pluck’/ZhiZaoChu ‘to produce’)
(iii) *#91_1(VC)/ 3EfE(VC) *(Diao ‘to fish’/LianJei ‘to connect’)

(iv) $91_1(VC)/ R (VC) (Diao ‘to fish’/ BuZhou ‘to catch’)

The wrongly extracted hypernyms (labelled with *) were caused by the problem of syntac-
tic structure. The following tree diagrams illustrate the boundaries of each phrase. The verb
Tan ‘to flip’ belongs to the preposition phrase that headed by yi(P), and the other verb ZhiZa-
oChu ‘to produce’ belongs to the head of the entire verb phrase which is the proper slot for the
predicted hypernym to appear. By the same token, one of the verbs in example (6), LienJie ‘to

connect’, is syntactically embedded into a noun phrase and consequently leads to an incorrect

prediction.
VP VP
PP VP
PP VP
/\
P CpP A% NP
p NP v NP

| | | |
N[ sl ke e 3
MoOIRRAHAA B B g sesmewsrmes mr A

This problem involves in sentence parsing during the pre-processing stage. In this thesis,
input data were processed only by segmentation and POS tagging, the parsing part was left
undone in order to limit the required time and resources for processing the input data. What
is more, although syntactic structure is known to raise errors or problems in automatic extrac-
tion of semantic relations, it is not rigid or regular enough to generate rules without human

decision. However, this issue can be left for future works by using parsers in Chinese such as
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Sinica Treebank! which can do sentence parsing and automatic semantic role assignment for

structured trees [8].

Type 3. Verb and verb phrase

A total of 73 (12.34%) out of 640 errors belongs to this error type. This type of error shows that
hypernymy-troponymy relation sometimes lies between verbs and verb phrases but not between
verbs themselves. To be more precise, the extracted verb alone can not indicate the existence of
hypernymy-troponymy relation, rather, it is the whole verb phrase that demonstrate the target

relation. The following are two examples:

(7 BR_1(VC) @ LA(P) 35 (Na) Bk(Caa) FoH#i(Na) *H2f(VC) FAR (Na)

BiaoShi @Yi WeiZi Huo JiHao  *TiGong XunXi
to label @ Provide messages by words or symbols.

(8)  WiE-1(VB) @ LA(P) EifE(Na) *FR(VE) #E (Na), BE{E(Nv) BHE(Nc) & (Na)
JinLi @ Y1 DongZuo *BiaoShi JingY1 JiangDi TouBu GaoDu
f3(VG) §AI(Na)

Wei  DianShing
to salute @ showing respect by movement, typically by lower one’s head.

In example (7) and (8), both verbs after yi are not the hypernyms of the input verbs for they
can not grammaticize or make sense the evaluating sentences; therefore, 7iGon ‘to provide’ is
not the hypernym of BiaoShi ‘to label’ and BiaoShi ‘to show’ is not the hypernym of JinLi ‘to
salute’, either. If we scrutinize the results and their sentences, we can find that the incorrect
hypernyms found by the program are not totally irrelevant with the input verb. Rather, the

whole verb phrase is more reasonable to indicate a hypernymy-troponymy relation with the

Thttp://rocling.iis.sinica.edu.tw/CKIP/treebank.htm
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input verb. Therefore, although 7iGon ‘to provide’ alone is not valid enough to indicate a
troponym relation with BiaoShi ‘to label’, yet the whole verb phrase 7TiGon(VE)+ ShunShi(Na)
‘to provide message’ can be seen as the hypernym of BiaoShi ‘to label’ for that labeling is
a way of providing messages. And this is also true for JinLi ‘to salute’ and BiaoShi(VE)+
JinYi(Na) ‘to show respect’ in example (8). Despite that there might exist a semantic relation
between verbs and verb phrases, it is not considered as hypernymy-troponymy pairs in our
experiment, since lexical semantic relations arise within lexemes but not phrases. At least, we
limit the semantic relation to lexicalized verbs which are segmented and tagged by a single

POS in Chinese.

Type 4. The problem of synonym or near-synonym

It is common to define an unknown word by other synonymous words. By observing the results,
it is found that synonymous verbs are used to define other verbs even when the definition
sentences are in accordance with our target syntactic patterns. As example (9) shows, the
definition sentence complies with our first syntactic pattern: ‘yi...to V;’, but the verb HuaChu
‘to paint’, which occurs after yi, is not the hypernym of HuaTu ‘to paint’. Rather, HuaChu ‘to

paint’ and HuaTu ‘to paint’ demonstrate a synonymous relation.

©)  EE 1(VA) @ LU(P) #(Na) B{(Caa) HAfi(Neqa) TE(Na) *ZH(VC) B (Na)
HuaTu @Yi Bi Huo QiTa GongJu *HuaChu TuShing
5(Caa) [E % (Na)
Huo  TuAn
to paint @ Drawing figures or patterns by pens or other equipment.

(10)  H3-1(VC) @ H(P) #EF(Na) #:#f(Na) IR 1 (VB)
pai @ Yong SheYing QiCai  *PaiZhaoPian
to photograph @ Taking photos by photographic apparatus.
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Another example is shown in (10), one of the sense of Pai ‘to photograph’ is to take photos.
The program extracted PaiZhaoPien ‘to take photos’ as the possible hypernym of Pai ‘to photo-
graph’, notice that we ignore the problem of verb phrase here since PaiZaoPien ‘to take photos’
or PaiZao ‘to take photos’ have already been lexicalized in CWN or CKIP. Nevertheless, Pai ‘to
photograph’ and PaiZhaoPien ‘to take photos’, under this sense, are in a synonymous relation
rather than a troponymy relation. The problem of synonym also occurred in syntactic pattern 2

‘X Di V; (to V; X-ly)’ as shown in example (11) where YaoDong ‘to shake’ and YaoHuang ‘to

rock’ may be intuitively judged as synonymous rather than in a hypernym-troponymy relation.

(1)  #R_1(VAC) @ ¥)#8(Na) (D) #/E(Na) #i(DE) ZR[EI(VCL) *#£8(VC)
YaoHuang @ WuTi Bu GuiLu Di LaiHui *YaoDong
to rock @ Objects shake back and force irregularly.

As table 4.1 displays, a total of 73 (11.40%) synonymous errors was found in the results. Al-
though this type of error does not show a high percentage of error rate, yet this problem may not
be easily solved for it involves in how definitions were made and described by lexicographers,

the synonymy can only be filtered out manually.

Type 5. Abstract concept verbs

By observing the incorrect returned results, it is found that the appearance of certain verbs
always leads to the error. These verbs are B/ £, Cheng/ChengWei ‘become’, {E/fE 5,

Zuo/ZuoWei ‘be’ as the following examples show:

(12)  #-9(VA) @ H(P) E(D) BHI(Nh) #1¥(Na) Bk(Caa) fHEE(Na) AIfE(VA)
Bien @ Yong Yi  YiuDe ChailLiao Huo  ShiangFa ChungZuo
*F(VG) #&li(Na) {Efh(Na)

*Cheng HouShu ZuoPing
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to arrange @ To create the following works by using already existing materials or

thoughts.

(13)  #&2(VC) @ LUP) f&:fi(Na) B (Na) *£F(VG) #EHI(VE) iR (Na)
She @ Yi HouShu ChenShu ZuoWei TuiCe  YiJu
to assume @ To make an assumption by the following statement.

In Chinese, verbs such as Cheng ‘become’ or Wei ‘be’as shown in example (12) (13) function as
copula-like verb where nouns or predicates are attached after them. Despite their grammatical
function in Chinese, these verbs indeed, semantically carry very abstract concepts. To be more
precise, these verbs are hard to be associated with concrete events, actions, or images. At least,
it makes no sense when we substitute these pairs into the very basic definition of troponym: V;
Shi YiZong V;, De FanShi “To V. is to V, in a particular manner’. Take (12) for example, “*She
Shi Yi Zong Wei De FanShi’ (? to assume is a way to be) makes no sense in Chinese. There

are totally 39 returned verbs belong to this type of errors, accounted for 6.09% error rate.

Type 6. Wrong tagging of POS

As can be seen in Table 4.1, there are 18 errors out of 640 belong to the wrong tagging of
POS, ranking the lowest with a percentage of 2.81% error rate. POS tagging is the process of
assigning a part of speech or other lexical class marker to each word in corpus. Taggers play
an increasing important role in speech recognition, natural language parsing and information
retrieval. In the experiment, we use CKIP Word Segmentation tool to segment sentences and
to tag POS. However, Chinese part-of-speech tagging is more difficult than its English coun-
terpart because it needs to be solved together with the problem of unknown words and word

segmentation. Also, Chinese part-of-speech classes are very ambiguous; many words can be
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both adjective or noun, noun or verb without any change in morphology. There is no taggers
or segmentators being proved one hundred percent accurate in Chinese owing to the above

reasons [29]. Therefore, incorrect tagging is sometimes found in tagger:

(14)  #H#E-1(VC) @ H(P) FE#F(Na) #:#1 (Na) *Foik(Na) B (Na)
PaiShe @ Yong SheYing QiCai  *JilLu YingXiang
to photograph @ To record images with photographic apparatus.

(15)  WfR_1(VE) @ HEE(VH) #i(DE) *{RfE(Na) £7t(Na) #{5(Na) #J(DE) Z%(Na)
QueBao @ QueShi Di *BaoZhang HouShu DuiXiang De AnQuan

5(Caa) FF4£(Na)
Huo  ChunZai
to guarantee @ accurately indemnify the following subject’s safety or existence.

In example (14), JiLu ‘to record’ can be served as both noun and verb according to CWN,
obviously, JiLu in example (14) functions as a verb but is wrongly tagged as a noun in CKIP.
Similarly, BaoZhang ‘to indemnify’ can function as a verb or as a noun (security) according
to CWN. Apparently, it is the verb usage in example (15) but is wrongly tagged as noun (Na)

through CKIP.

4.1.2 Interim Summary

Section 4.1 reports the results returned by lexico syntactic pattern-based approach. In general,
this approach reached a 60.7% accuracy rate. For those incorrect results that decrease the
performance, an in-depth investigation was made. In terms of the performance of each syntactic
pattern, Pattern 2 was found to be more stable and reliable than Pattern 1. In total, six types of

errors were generated by scrutinizing the incorrect results, with examples given above.
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4.2 Results from Bootstrapping Approach

Bootstrapping approach returned totally 11289 Chinese verb pairs mapped from WordNet. The
large amount of results were manually evaluated through testing sentences by a group of peo-
ple? who are all native to Chinese with linguistic background. Not only correct hypernymy-
troponymy verb pairs were calculated, several tags were also assigned to mark incorrect verb

pairs. Evaluative tags are shown as follows:

Hypernymy- troponymy: Returned Chinese verb pairs are in hypernymy-troponymy re-

lation.

Non-lexicalized verb: One or both of the verbs in returned pairs are not lexicalized in
Chinese; that is, they may be expressed by phrases or sentences. But conceptually or

semantically, the hypernymy- troponymy relation holds true.

Other relation: Returned verb pairs stand in other lexical semantic relations.

Unrelated: Returned pairs are unrelated to each other.

Table 4.3 displays a general result from bootstrapping approach. As can be seen, a total
of 8305 verb pairs out of 11289 were marked hypernymy- troponymy relation, resulting in
a 73.56% accuracy rate (correct returned pairs are shown in Appendix C). In Huang et al’
studies [24][25], a small portion of experimental data in Chinese (210 lemmas including N, V,
Adyv. and Adj.) was used to investigate how LSRs can be inferred by bootstrapping. In terms
of LSRs inference for verbs, the precision for English-to-Chinese semantic relation inference
is around 80%, within which 70% for hypernym inference and 82.4% for hyponymy inference.

Much similar to previous studies, our results reach a 73.56% accuracy rate. With a much larger

There are totally four people spending about two weeks on evaluating and tagging the returned results.
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Tags Number of verb pairs | Percentage
Hypernymy- troponymy 8305 73.56%
Non- lexicalized verb 893 7.91%
Other relation 700 6.20%
Unrelated 1391 12.32%
Total 11289 100%

Table 4.3: Overall results from bootstrapping approach

data source, the precision rate is a bit lower than the results in [24]. Previous studies focused
on how and which LSRs can be inferred through bootstrapping. Only correct results and the
feasibility of the approach were discussed in the studies. Without more in-depth analyses,
some problems that cause the error were merely concluded by translational idiosyncrasies. In
this thesis, incorrect results receive a scrutinized discussion. For returned verb pairs which can
not be assigned a hypernymy- troponymy relation, they are roughly classified into three types
of errors. Surprisingly, as Table 4.3 shows, 12.32% returned pairs were marked Unrelated
which is the highest one within the three error types. Unlike Non-lexicalized verb and Other
relation in which returned pairs are still stand in certain LSRs, Unrelated verb pairs show no
semantic connections between two verbs. These results contradict our assumption and deserve
an in-depth investigation. Therefore, in the following subsections, several causations that lead

to the errors will be discussed.

4.2.1 Error Analyses

Evaluative tags including Non-lexicalized verbs, Incorrect, and Other relation were assigned

to returned pairs which are not in hypernymy- troponymy relation.
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Tags Number of verb pairs | Percentage
Non- lexicalized verb 893 7.91%
Other relation 700 6.20%
Unrelated 1391 12.32%
Total 2984 26.43%

Table 4.4: Non hypernymy-troponymy verb pairs (Total number of returned verb pairs=11289)

As Table 4.4 shows, there are totally 2984 verb pairs being divided into three types of errors.
These three types of errors were further scrutinized in this subsection to investigate the reasons
that decrease the performance, that is, what makes our returned verb pairs incorrect and what
other relations could a returned pair stands in if they are not in our target relation. Generally
speaking, errors arise from translational idiosyncrasies along with inaccuracy translations and

conceptual differences cross languages. They will be illustrated as follows:

Non-lexicalized verbs

Without further illustration, a single word in one language often has meanings that require
several words in another language to explain. By observing our results, it is noticed that many
verbs, especially for troponyms, could not be described by a single lexeme in Chinese. Consider

the following examples:

(16) a. anesthetize = cocainize

b.  Jiiilf (MaZue) = FEFEHEE (Yong GuKelian MaZue)

(17 a. laugh = chuckle
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b. % (Shiao) = KKI&HIZE (GeGe Di Shiao)

Example (16-a) is a synset pair in WordNet standing in hypernymy-troponymy relation. This
thesis hereafter uses the arrow to indicate troponymous relation of which the word to the left
of the arrow is the hypernym and the word to the right is the troponym. Hence, under a cer-
tain sense in WordNet, ‘anesthetize’ is the hypernym of ‘cocainize’ or ‘to cocainize’ is a way
to ‘anesthetize’. After mapping through ECTED, the program returned Chinese verb pairs
as (16-b) shows. Apparently, there is no single lexeme in Chinese can properly describe the
troponym ‘cocainize’; rather, it is expressed by phrase in which more specific manner (Yong
GuKelJian ‘use cocaine’) is added to a general verb (MaZue ‘to anesthetize’). Similarly, the tro-
ponym ‘chuckle’ in (17-a) can not be properly translated into one single lexeme in Chinese but
has to be expressed by an adverbial phrase GeGe Di Shiao ‘to laugh (chucklely)’. By observ-
ing the results which were tagged Non-lexicalized verbs, they are wildly found to be expressed

by lexico-syntactic patterns yi/yong...V; ‘by/with (manner) to V;’ or ...Di V;, ‘to V;, X-ly’. In-

terestingly, this conforms to our lexico-syntactic patterns used in previous approach for we
assumed that troponyms are expressed by adding specified manners to more general verbs.
This also explains why non-lexicalized verbs appear more often in the troponyms but not hy-

pernyms. Translational discrepancy also appears in verbalized words, here is an example:

(18) a. prepare = summerize

b. ¥#fif (ZuenBei) = BE RM¥EM (Wei ShaTien Zuo ZuenBei)

72



English is full of inflectional information; syntactic categories can be flexibly changed and
created by altering in morphology. As (18-a) shows, the troponym ‘summerize’ is verbalized
from its noun ‘summer’, meaning to prepare for summer. Although verbalization is not re-
stricted to English, yet in Chinese, verbalization requires several words to express as (18-b)
shows. Foreign words also affect the preciseness in equivalent translation, especially revealing

in terminology, jargon, or vernacular. Consider the following example:

(19) a. score = eagle

b. 5% (DeFen) = ] HEMEERERARRIIEEL (Zai DaChu DiYu BiaoZuenGan

Liang Gan De GanShu)

The troponym ‘eagle’ in (19-a) is used as a terminology in golf, meaning to shoot in two strokes
under par, thus is a way to score. However, with no precise translation can be found in Chinese,
it can not but to be expressed following the definition of its origin as can be seen in (19-b).

From a total number of 11289 verb pairs acquiring from bootstrapping approach, 893 pairs
involve in this type of error, account for 7.91% of total as shown in Table 4.4. Comparatively
speaking, the proportion is not the highest one; nevertheless, the problem of non-lexicalization
might not be easily solved. This problem can be traced to the very beginning issue that there
1s no word delimiters in Chinese. Without blank to mark word boundaries, the distinction be-
tween words, morphemes, and lexicons are not easily defined. Note that all verb pairs marked
by Non-lexicalized verb are conceptually or semantically standing in a hypernymy-troponymy
relation except for the concepts are described by phrases or sentences. Lexicalization certainly
yields problems especially in creating a WordNet-like database. Although in the construction

of ECTED, each translated entries were expressed by lexicalized words rather than descrip-

73



tive phrases as possible as they can [25], yet our results suggest that there is still room for

modification.

Other relations

Returned results sometimes were found to stand in other relations. We grouped these wrong
pairs together because they are not unrelated to each other nor in our target relation. The
most common semantic relation found within wrongly-acquired Chinese verb pairs is near-

synonymy or synonymous relation. These can be illustrated by the following examples:

(20) a. disconnect = detach
b.  f#53H (ShiFenLi) = f#4}BH (ShiFenKai)
21D a. end = lapse

b.  #EH (JienShu)= # ik (ZhongZhi)

Under reasonable postulation, returned verb pairs should stand in hypernymy-troponymy rela-
tion since LSRs can be inferred by bootstrapping. However, the returned pairs such as (20-b)
and (21-b) exhibit unexpected results in that both of these pairs are indeed in a near synony-
mous relation. If we look back to the glosses of their English counterparts in WordNet, we
might discover the differences in conceptualizing events across languages. To be more spe-
cific, ‘disconnect’ in (20-a), according to its gloss in WordNet, means ‘to make disconnected,
disjoin or unfasten’ while its troponym ‘detach’ carries the meaning that ‘cause to become
detached or separated’. Apparently, in English, ‘to detach’ can be seen as a way of making
things disconnected although the distinction might be slight. However, this distinction disap-

peared when they are translated into Chinese. As (20-b) shows, both ShiFenLi and ShiFenKai
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carry nearly the same meaning that ‘to cause something to separate’. Similarly, example (21-a)
and (21-b) reveal the same problem. Under certain sense in English, ‘to lapse’ is ‘to end’ at
least for a long time, thus can be seen as a troponym of ‘end’. Nevertheless, the differentiation
vanished after translated into Chinese. As (21-b) shows, Jieshu and ZhongZhi are intuitively
judged as near synonymous. The difference between ‘to end’ and ‘to lapse’ can not be found in
their Chinese counterpart, at least, this difference has not be transported in ECTED. Moreover,
many returned pairs are found to be exactly the same. For example, a pair of hypernymy-
troponymy verb in (22-a) were mapped to two identical verbs in Chinese through ECTED as

shown in (22-b).

22) a. change = convert

b. % (Gaibien) = it (Gaibien)

Similar to examples (20) and (21), example (22) reveals the same problem in that the concept
which makes a pair of verb synset stand in a hierarchical relation disappears after transported
into Chinese. This time, as (22-b) shows, bootstrapping returned two identical verbs which are
certainly impossible to have a hypernymy-troponymy relation. This indicates the difference
in conceptualizing the manners of verbs. In English, the concept of ‘change’ is broader than
‘convert’ and thus includes ‘convert’. Despite the slight difference in English, there is no such
distinction in Chinese. Therefore, both ‘change’ and ‘convert’ were translated into GaiBien in

Chinese.

In addition to near- synonymy or synonymy relation found in returned pairs, reversed rela-

tion is also observed within our results. The reversed relation here indicates that for an English
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hypernymy-troponymy synset pair E; and E;, each were mapped to the equivalent translations
in Chinese C; and C;. However, the expected C;, = C, relation did not exist, rather, there is a
reversed relation between C;, and C; in which C; is more reasonable to be the hypernym of C;,.

More concrete example is shown as follow:

(23) a. expectorate = spit

b. M (TuTan) = H:(Tu)

As example (23-b) shows, Tutan ‘to spit (phlegm)’ and Tu ‘to throw up (anything from the
stomach or lung)’ were returned by mapping from (23-a). However, the returned verb pair
does not stand in a hypernymy-troponymy relation, that is, Tu7an is not the hypernym of Tu for
they can not pass our evaluating sentences. With a further observation, it is more reasonable to
judge that Tu is actually the hypernym of TuTan. Once again, the reason that leads to this kind
of error is due to how languages conceptualize verbs and how manners are distincted by verbs
across languages. According to the gloss in WordNet, ‘expectorate’ is defined as ‘to discharge
(phlegm or sputum) from the lungs and out of the mouth’ and ‘spit’ is defined as ‘expel or
eject (saliva or phlegm or sputum) from the mouth’. These two verbs are districted by manner.

However, when these two verbs transported into Chinese, the distinction of manner vanished.

Above examples validate the truth that linguistic ontologies vary, the way to describe a
concept may not be exactly the same across languages. Especially, it is found that English
conceptualizes verbs in a more detailed way in which manners are distinguished by different
lexeme. On the contrary, Chinese conceptualizes verb meanings in a broader or more general

mode. Within a total of 11289 returned verb pairs in Chinese, there are 700 pairs being marked
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to stand in semantic relations other than hypernymy-troponymy relation, accounted for 6.20%
of total. Whether these incorrect verb pairs stand in near-synonymy relation or reversed rela-
tion are not further divided because they come up from similar causations as described in this

subsection.

Unrelated

There are totally 1391 returned pairs being evaluated as unrelated, accounted for 12.32% pro-
portion which is the highest within the three error types. Unrelated pairs, unlike the above
mentioned error types, do not stand in hypernymy-tropoymy relation nor any lexical semantic
relations. Having so many incorrect returned pairs from bootstrapping is somehow surprising
since it is unexpected that a hypernymy-troponymy synset pair in WordNet turns out to be unre-
lated in Chinese after bootstrapping. Therefore, the causations which decrease the performance
deserve a scrutinized investigation. By observing the results, unrelated verb pairs in Chinese
can be ascribed to two main problems: inaccurate translation in ECTED and abstract concept

verbs such as ‘make’, ‘be’, and ‘put’ in English.

The first problem leads to unrelated verb pairs is due to inaccurate translation in ECTED.

Consider the following examples:

(24) a. change_ integrity = condense

b. ¥A (ZenShing) = ¥&## (NongSuo)

(25) a. dance = folk_dance

b. R (WuDao) = R H (MinJenWuChu)
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Intuitively, example (24-b) could not be judged as a hypernymy-troponymy pair for that Nong-
Suo ‘to condense’ is hardly being associated with ZenShing ‘to do practice surgery’. If we
compare (24-b) with its English counterpart (24-a), it is apparently that there is a translational
discrepancy between ‘change integrity’ and “ZenShing’. According to the definition in Word-
Net, ‘change_ integrity’ describes something ‘changes in physical make-up’ which is wrongly
translated into ‘ZenShing’ in Chinese. Established by common usage, ZenShing in Chinese al-
most exclusively means ‘to do the practice surgery’. The incorrect translation in ECTED con-
sequently leads to the unrelated verb pair returned by bootstrapping. Similarly, (25-b) displays
an example of inaccurate translation in ECTED for that ‘folk_ dance’ was wrongly translated
into a noun MingJenWuChu ‘a dance music for folk_ dance’. Inaccurate translation sometimes
involves in imprecise translation as well, that is, the translation itself is not totally unrelated
to its English counterpart. Rather, the Chinese translation is indistinct and does not match the

proper sense. Consider the following example:

(26) a. trouble = erupt

b. ¥T# (DaRao) = %% (FaZhen)

As example (26-a) shows, when ‘trouble’ serves as a hypernym of ‘erupt’, it carries the mean-
ing that ‘to cause bodily suffering and make sick or indisposed’. Under this sense, ‘trouble’ is
imprecisely translated into DaRao ‘to bother’ in Chinese which makes it intuitively hard to be

connected with FaZen.

Another problem causing the returned pairs to be unrelated is that verbs with abstract con-
cepts generate problems when transported into another languages. In English, the concepts of

o <

verbs such as ‘be’, ‘make’, or ‘seem’ which does not exhibit any literal spatial properties are
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hardly conveyed to Chinese equivalently. Following examples give some illustrations:

27) a. be = gape
b. & (Shi) = 5&BH (ZhangKai)
(28) a. be = sit

b. fE(Zai) = 4 (Zuo)

The copula verb ‘be’ is used widely in English. However, the concept of ‘be’ is rather abstract.
For example, one of the sense of copula ‘be’ in WordNet is defined as ‘having the quality of
being’. Under this sense, there are more than one hundred direct troponyms can be found in
WordNet. The equivalent translation of copula ‘be’ in Chinese is Shi which is used to connect
with an adjective or a predicate noun. However, the copula Shi in Chinese does not carry any
concrete meaning nor showing the quality of being as its English counterpart does. Therefore,
when a hypernymy-troponymy pair containing copula ‘be’ is mapped to Chinese, none of them
indicates hypernymy-troponymy relation as can be seen in (27-b). Similarly, another sense of
copula ‘be’, according to WordNet, is ‘occupy a certain position or area; be somewhere’ and
carries a troponym such as ‘sit’ (be located or situated somewhere) as example (28-a) shows.
Again, copula ‘be’ under this sense, is translated into monomorphemic word Zai in ETCED. In
Chinese, the verb Zai indicates ‘being, to be located at’ which is rather a morpheme that shows
no concrete concept unless it is attached to other morphemes. Consequently, Zuo and Zai are

not considered in hypernymy-troponymy relation.

Abstract concept verb reveals in Chinese too. Throughout our returned results tagged Un-

related, it is found that many verbs exhibit rather abstract concepts such as f# Shi ‘make, let’,
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B ChenWei ‘become’ or f{F SiHu ‘seem’ which are hard to be linked to any troponyms.

Consider the following examples:

(29) a. make = prepare

b.  fi (Shi) = ¥{f (ZuenBei)
30) a. become = reduce

b. B (ChenWei) = ¥5f& (JinJen)
31D a. seem => glitter

b. I (SiHu) = ¥ (ShanYao)

The above returned Chinese verbs Shi, ChenWei, and Sihu come from their English correspon-
dents ‘make’, ‘become’, and ‘seem’ which exhibit no translational inconsistencies. However,
none of the Chinese pairs passed through our testing sentences, at least, it makes no sense when
we substitute these pairs into the very basic definition of troponym: V; Shi YiZong V;, De Fan-
Shi “To V; is to Vj, in a particular manner’. Take (29-b) for example, “*ZuenBei Shi Yi Zong
Shi De FanShi’ (? to prepare is a way to make) makes no sense in Chinese. Hence, Zuenbei ‘to

prepare’ and Shi ‘to make(causative)’ were not regarded as in hypernymy-troponymy relation.

Most of the unrelated verb pairs arise from inaccurate or imprecise translation in ECTED
as shown by above examples. Conceptual idiosyncrasies aggravate translational problems as
well. As mentioned, the equivalent translation database was manually created basing on Word-
Net synsets. Nevertheless, due to a large amount of data (12127 verb synset pairs) and the

mutability of polysemous words, it is hard to reach a hundred-percent correspondence. While
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the inaccurate translations can be corrected by double-check, conceptual idiosyncrasies, on the

contrary, are hard to prevent and consequently become the toughest problem in bootstrapping.

Interim Summary

Section 4.2 reports the results returned by bootstrapping approach. Bootstrapping reaches a
73.56% accuracy, which is higher than syntactic pattern-based approach. For those incorrect
results that decrease the performance, an in-depth investigation was made. In general, incorrect
results can be roughly divided into three error types which are mainly caused by translational

idiosyncrasies and conceptual inconsistencies across different languages.

4.3 Discussion

This section aims to provide some general discussion about syntactic pattern-based approach
and bootstrapping approach. In this study, the two proposed approaches were processed sepa-
rately for that there is methodologically and experimentally no direct connection between them.
However, a general comparison and discussion on the performance of each approach is needed.
Databases, results, and error types of these two approaches will be compared in the following

subsections.

4.3.1 Comparison of Two Approaches

The most evident distinction between our two proposed approaches is that they applied on dif-
ferent data sources. For lexico syntactic-pattern based approach, we relied on a dictionary-like
database where semantic relations may lie between the defined verb and its definition, repre-
sented through certain syntactic patterns. Chinese WordNet, for this reason, was chosen to

serve as the data source for syntactic pattern-based approach. Unlike any other on-line dic-
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tionaries, CWN was created basing on sense-splited entries along with explicit definitions and
examples. Therefore, semantic relations can be built among each sense-splited set. On the
other hand, bootstrapping approach exploits already existing resources and combining them
within a common, standardized framework. In this thesis, bootstrapping approach resorted to
Princeton WordNet, which has long been regarded as the gold standard for evaluating semantic
frame induction, and ECTED in Sinica Bow since it provides us with a sense-based translation
but not merely word-to-word correspondence. Different data sources were chosen according
to different requirements in each approach. Despite the differences of the database, these two
approaches point to the same goal: to extract possible hypernymy-troponymy verb pairs in Chi-
nese. The performance of each approach was evaluated with the same metrics. Returned results
from both approaches were evaluated and computed to see how precise these retrieved results
are. For results retrieved from both approaches, accuracy rate was calculated in which the
number of correct results retrieved from the approach was divided by total number of retrieved

results. For the ease of comparison of the two approaches, Table 4.5 was given.

Syntactic pattern-based approach | Bootstrapping approach

Database CWN (10,388 verb senses) WN (13,767 verb synsets)

ECTED (12,127 sense-based ET's)

Total hypernymy-troponymy 1619 11,289

pairs retrieved

Correct hypernymy-troponymy | 989 8305

pairs retrieved

Accuracy rate 60.71% 73.58%

Table 4.5: General comparison of syntactic pattern-based and bootstrapping approach

The comparison of syntactic pattern-based and bootstrapping approach can be interpreted
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from two fold: quantity and quality. In terms of quantity, we need to compare the total number
of verb pairs retrieved by both approaches. Input verb data was extracted from each database,
the total number of verb in each database shows no significant discrepancy as can be seen from
Table 4.5. However, for total results retrieved by each approach, there is a great disparity in
number. From a total of 10388 verb senses in CWN, only 1619 verb pairs were returned by syn-
tactic pattern-based approach. Compare to verb pairs retrieved by bootstrapping (11289 verb
pairs), syntactic pattern-based approach extracted much fewer in return. The large discrepancy
in scale is reasonable since only two syntactic patterns were used in the approach. Input entries
conforming to our two lexical syntactic patterns are comparatively few but all of them can be
retrieved by syntactic pattern-based approach. On the contrary, bootstrapping aims at retrieved
all lexical information from an already existing database, here, the Princeton WordNet. There-
fore, in this approach, all verb synsets pairs in WordNet which stand in hypernymy-troponymy
relation will be returned as candidates as long as correspondent equivalent translations can be
found in ECTED. From a qualitative perspective, the accuracy rate of each approach should be
compared. As can be seen from Table 4.5, bootstrapping performs better than syntactic pattern-
based approach (about 13% higher in accuracy rate). The difference between two approaches
in performance should not be dismissed. However, only comparing the statistics is not valid
enough to make any implications; comparisons on the returned results should be looked into as
well. Therefore, a discussion on the results returned by each approach is given in the following

subsection.

4.3.2 Comparison of the Results

By looking into the correct results, some characteristics of each approach can be observed. Syn-

tactic pattern-based approach returned totally 989 correct hypernymy-troponymy pairs while
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bootstrapping returned 8305 correct hypernym-troponymy pairs. After cross-comparing the
results, only 38 hypernymy-troponymy pairs were found overlapped (These overlapping pairs
were shown in Appendix B). The number of overlapped verb pairs was few. This may due to
one of the characteristics of Chinese WordNet— the database on which syntactic pattern-based
approach applied. Monomorphemic words (88523, Dan ZhiCi) are the foundation of Chinese
WordNet [1]. That is to say, the definition of each sense tends to be made on the minimum
morpheme in Chinese. For example, the monomorphemic word ¥ Chong carries totally differ-
ent senses in ¥ (ChongShi, ‘to wash”) and I (ChongKaFei, ‘to make a coffee’). Under
this situation, Chinese WordNet defines the monomorphemic word Chong and disambiguates
the senses by splitting Chong into different entries. Example (32) and (33) show the definitions

of Chong in different senses:

(32)  #W12 @ f(P) KE(D) H(Cbb) E(Dfa) ##i(VH) HI(DE) K(Na) EER(VC) KFE(A)
Chong @ Yong DaLiang Qie Jiao  Jiang De Shui  QuChu TeDing

#H5(Na) F(Ncd) HI(DE) i Z#)(Na)
DuiXiang Shang De FuZuoWu
to wash@ Using a large amount of water to remove dirt.

(33) 13 @ LPA(P) k(Na) FE(VC) Kifi(Na) E0EH(Na) Bi(Caa) B ifh(Na)
Chong @ Yi  Shui TiaoZhi HouShu YinLiao Huo  ShiPin
to make @ To make drinks or food by water.

As above examples show, Chinese WordNet intends to give explicit senses of the minimum
units in Chinese [1]. Consequently, syntactic pattern-based approach returned verb pairs which
are sometimes hard to be intuitively judged as hypernymy-troponymy pairs due to the problem
of polysemy. From input entries (32) and (33), the program returned verb pairs as example (34)

show:
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(34) a. £ (QuChu,‘to remove’) = 1.2 (Chong, ‘to wash’)

b. FA%EL(TiaoZhi, ‘to blend’) = #'1_3 (Chong, ‘to make’)

Intuitively, example (34-a) and (34-b) may raise controversy when being evaluated as hypernymy-
troponymy pairs. However, by looking back to the definition of the specific sense hold by the
verb, the uncertainty can be eliminated. Therefore, for Chongl 2, ‘to wash’, which means the
second sense of the first lemma, a hypernym QuChu, ‘to remove’ was returned. Owing to the
same reason, there are few hypernymy-troponymy pairs returned from both approaches being
found overlapping with each other. For example, syntactic pattern-based approach tends to re-
turned monomorphemic word as (34-a) shows; on the other hand, bootstrapping returned verb

pairs through translation which did not limited to monomorphemic word as (35) shows:

(35) FrZ (ChuQu, ‘to remove’) = #H¥E(ChongSi, ‘to wash’)

Another characteristic related to the returned results was also observed. It is found that syntactic
pattern-based approach returned more direct results in Chinese, that is, verbs are easily inferred
in concept because syntactic pattern-based approach starts and bases on a Chinese database per
se but not through translating from another languages. On the contrary, verb pairs retrieved by
bootstrapping sometimes seems circuitous and indirect since it involves translations between
two languages. The following examples were verb pairs returned by bootstrapping approach

which are judged as hypernymy-troponymy pairs:

(36) a. embroider = purl

b.  #ll## (CiShow) = Jf#i& (JiaShowBien)
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37 a. look = ogle

b. FHE(ZuYi)= R HE (YenDaiTiaoDou)

Although we evaluated example (36-b) and (37-b) as hypernymy-troponymy pairs, it can be
found that JiaShowBien and YenDaiTiaoDou are rather indirect verbs in Chinese, at least, both

these verbs can not be queried either in CWN or the online revised Chinese dictionary?.

4.3.3 Comparison of the Error Types

Knowing what lowers the accuracy rate can help us understand the advantages and limitations
of both approaches. Table 4.6 gives a comparison of different error types by looking into

incorrect returned results from both approaches.

Error type

Syntactic pattern-based approach | Bootstrapping approach

Synonym or near synonym I Synonym or near-synonym I
Verb and verb phrase I Non-lexicalized verb '
Abstract concept verbs I Abstract concept verbs I

The ambiguity of yi Translational idiosyncrasy

Errors caused by syntactic structure

Wrong tagging of POS

Table 4.6: Comparison of error types from results in two approaches

3http://dict.revised.moe.edu.tw/
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In general, more error types were found in syntactic pattern-based approach. This is in-
ferable since its accuracy rate is lower than bootstrapping. When these error types were put
together, we may find that the problems of near-synonym, non-lexicalization and abstract con-
cept verbs cause the errors in both approaches (Error types found in both approaches were
shown in shadow box). The problem of non-lexicalization arises from the linguistic charac-
teristic that there is no word delimiters in Chinese. Unlike English, where spaces or blanks
are used to delimit word boundaries, Chinese encounters difficulties in clearly defining a word
or lexeme. Among the returned results, some are found that hypernymy-troponymy relation
occurs between verbs and verb phrases but not within verbs themselves, at least, they have not
been lexicalized nor can be POS tagged within one single part of speech in CKIP segmentator
and tagger. On the other hand, the problem of near-synonym comes from different causations.
In syntactic pattern-based approach, synonyms were sometimes retrieved despite the definition

sentences comply with our syntactic patterns as the following example shows:

(38)  EE_1(VA) @ LA(P) #(Na) Hi(Caa) Hfth(Neqa) TE(Na) *EH (VC) EF(Na)
HuaTu @Yi Bi Huo QiTa GongJu *HuaChu TuShing

5(Caa) [ % (Na)
Huo  TuAn
to paint @ Drawing figures or patterns by pens or other equipment.

However, the problem of synonym from bootstrapping approach reflects the discrepancy of
how different languages conceptualize verbs. For example, a hypernymy- troponymy synset
pair ‘change = convert’ was translated into two identical verbs in Chinese ‘Gaibien = Gai-
bien’. This shows that a slight conceptual difference in manner of ‘change’ and ‘convert’ does
not exist in Chinese. In other words, Chinese conceptualizes verb meanings in a broader or

more general mode. Also, as Table 4.6 shows, abstract concept verbs in Chinese were returned
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by both approaches. Recall that verbs such as B(£), ChengWei ‘become’, VE(55), ZuoWei

¢

‘be, serve as’ or z&, Shi ‘be’, #, Zai ‘be’, Bl F, Sihu ‘seem’ are hard to convey concrete
concepts. These verbs, rather, grammatically function as copulative verbs to which nouns, ad-

jectives or predicates are attached. Therefore, abstract concept verbs then failed to indicate any

hypernymy-troponymy relation.

By looking into the rest of the error types made by each approach, we may deduce that
bootstrapping algorithm is more stable than syntactic pattern-based approach. This is proved
by the errors found within incorrect results. The main problem in bootstrapping approach, as
mentioned, lies in the translational and conceptual discrepancies across languages. Since we re-
lied on ECTED as a translational medium to map between English and Chinese, errors became
unavoidable as long as the equivalent translations were inaccurate or imprecise in ECTED. It
is also found that English conceptualizes verbs in a more detailed way in which manners are
distincted by different lexemes. However, except for the problems related to translational id-
iosyncrasies, the mapping algorithm itself shows no mismatch nor neglect. On the contrary, for
syntactic pattern-based approach, more error types are related to algorithmic process itself. For
example, errors caused by syntactic structures were due to the insufficiency in pre-proseccing

such as parsing as the following example shows:

(39)  #T1.25(VC) @ LA(P) *#(VC) fift(Na) #J(DE) 753 (Na) $EEH (VC) ##i(Na)
Da @Yi *Tan  MianHua De FangShi ZhiZaoChu MianBei
to pluck @ producing a bed quilt by flipping the cotton.

Syntactic pattern-based algorithm returned all verbs occurring after target words. In exam-

ple (39), both Tan and ZhiZaoChu were extracted to be the hypernyms of Da since they appear
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after the target words yi. This problem involves in sentence parsing during the pre-processing

stage. In this thesis, input data were processed only by segmentation and POS tagging through

CKIP segmentator and tagger, the parsing part was left undone in order to limit the required

time and resources for processing the input data.

4.3.4 General Discussion

Overall, bootstrapping approach exhibits a better execution than syntactic pattern-based ap-

proach both in quantity and quality. However, it might seem arbitrary to jump to the conclusion

that bootstrapping is better than syntactic pattern-based approach. From the above compar-

isons on the databases, results, and error types of each approach, we know that there are advan-

tages and limitations in syntactic pattern-based and bootstrapping approach. Table 4.7 provides

a clear comparison of the two approaches on the limitations and advantages.

Syntactic pattern-based approach

Bootstrapping approach

Advantage

Limitation

Advantage

Limitation

Returned more direct

results for it

started and based

on a Chinese database.

Error types were
related to algorithmic

process itself.

More stable and reliable.
The mapping algorithm
itself showed no

mismatch nor neglect.

Translational
and conceptual
discrepancies across

languages.

The number of
retrieved verb pairs

was comparatively few.

Immensely extracted LSRs
from an existing

WordNet database.

Table 4.7: General comparison of the two approaches
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As shown in Table 4.7, syntactic pattern-based approach mainly limited to the small scale
of retrieved results since there were only two syntactic patterns used in this approach. Also,
more error types were related to algorithmic process itself because sentence parsing process and
word sense disambiguation process were left undone in the approach. On the other hand, trans-
lational and conceptual idiosyncrasies became the major barriers for bootstrapping approach.
In Fellbaum’s [16] and Vossen et al.’s studies [44], it was clarified that LSRs are ‘universal’.
That is, LSRs will hold true across different languages. In Huang et al.’s studies [24] [25],
certain LSRs were also proved transportable across different languages through bootstrapping.
However, little research put attention on the issue of language idiosyncrasies. In this thesis,
our results from bootstrapping exhibit that language idiosyncrasies do play important roles in

bootstrapping and deserved notices.

Despites the limitations, both of the proposed approaches do semi-automatically extract
a large amount of Chinese verb pairs which are in hypernymy-troponymy relation. Terefore,
instead of comparing these two approaches in a competing way, they should be implemented
complementarily for that syntactic pattern-based approach returned direct results (not through
translation from other languages) while bootstrapping can immensely extract LSRs from an
existing WordNet database. In this thesis, a total of 9294 hypernymy-troponymy pairs were
extracted by syntactic pattern-based and bootstrapping approach. A Chinese lexical database
such as CWN contains only 143 verbs which have hypernymous linkage and only 27 verbs
having hyponymous connections*. Despite that there is still limitations of the two approaches,
a large amount of returned hypernymy-troponymy verb pairs can definitely enhance and help

the contribution of a WordNet-like database.

4The statistic is up to 2006
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4.4 Summary

This chapter has presented elaborate results returned from syntactic pattern-based approach and
bootstrapping approach. In addition to the statistical representation of the results, scrutinized
error analyses were given in this chapter as well. Knowing what causes the errors helps us
understand the shortages and advantages of each approach. Section 4.1 reports the results of
syntactic pattern-based approach in which the accuracy rate reaches 60.71%. Within the re-
turned results which are not in hypernymy-troponymy relation, there are totally six different
error types being observed. Most of the errors generated from syntactic pattern-based approach
are related to insufficient pre-processing such as inaccurate tagging of POS and the lack of
sentence parsing in syntactic structures. In Section 4.2, results of bootstrapping approach along
with error analyses are given. Bootstrapping reaches a 73.56% accuracy rate, which is about
13% higher than syntactic pattern-based approach. Errors that lead to the incorrect results in
bootstrapping can be roughly divided into three types which relates much to the problem of
translational idiosyncrasies and conceptual inconsistencies across languages. Finally, a general
discussion and comparison of these two approaches was conducted in Section 4.3. Both ap-
proaches carry their own benefits and limitations. Syntactic pattern-based approach returned
more direct results for it started and based on a Chinese database per se but the number of
retrieved verb pairs were comparatively few. On the other hand, bootstrapping resorted to an
existing WordNet and immensely transported lexical information into Chinese. Despite the ad-
vantages and limitations of each approach, both of them do semi-automatically extract a large
amount of Chinese verb pairs which are in hypernymy-troponymy relation, contributing to the

enhancement of WordNet-like database such as CWN.
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Chapter 5

Conclusion

In this chapter, the summary of this thesis will be given in Section 5.1. Section 5.2 discusses
the contributions and implications of this thesis, followed by the limitations of the study and

suggestions for future works in Section 5.3.

5.1 Summary of the Thesis

In this thesis, we proposed two independent approaches to semi-automatically extract lexical
semantic relations. Given the fact that a sense-based and LSRs-connected database such as
Princeton WordNet has become a key source for Natural Language Processing, automatically
extracting lexical semantic relations, hence, becomes an important issue in recent years. In this
study, we target at hypernymy-troponymy relation among verbs and proposed syntactic pattern-
based approach and bootstrapping approach to automatically label verb pairs which stand in
our target relation. Syntactic pattern-based approach is used for that sentence structures
can always denote relations and reveal information among lexical entries. We assumed that
LSRs may lie in a large dictionary-like database, represented through certain syntactic patterns.

Therefore, we then used two manually selected syntactic patterns which can possibly exhibit
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hypernymy-troponymy relation between a defined verb and its definition sentence in this ap-
proach. The results shows that with a 60.71% accuracy rate, syntactic pattern-based approach
successfully semi-automatically extract direct and lexicalized verb pairs in Chinese. On the
other hand, bootstrapping approach aims at exploiting an already existing database and trans-
ported lexical and semantic information into another language. In this approach, we resorted
to Princeton WordNet as our database and transported hypernymy-troponymy synset pairs into
Chinese through mapping with an equivalent translation database ECTED. The results shows
that bootstrapping approach can immensely transport lexical information from Princeton Word-

Net into Chinese with a 73.56% accuracy rate.

In addition to analyzing the accuracy and errors of both approaches, we also compared syn-
tactic pattern-based approach and bootstrapping approach on the databases that they applied
on, the returned results and error types. Both approaches carry their own benefits and limita-
tions. Bootstrapping approach has the advantages in returning a large amount of results in a
short time but is obstructed by the cross-lingual differences in translating and conceptualizing.
On the other hand, syntactic pattern-based approach returned direct results for it started and
based on a Chinese database per se but not through translating from another lanagues. Nev-
ertheless, the number of retrieved verb pairs was comparatively few since only two syntactic
patterns were manually selected. Given the fact that each approach does successfully extract
hypernymy-troponymy verb pairs despites their limitations, they should be implemented com-

plementarily but not compared in a competing way.
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5.2 Contribution

Creating a WordNet-like database requires intensive human labors and time. Neither the Word-
Net nor the EuroWordNet construction methodology seems to be efficient for additional lan-
guages. Researchers have long been studied on the combination of computational technology
and natural language processing or knowledge extraction, aiming at automatically learning lex-
ical semantic relations and constructing semantic hierarchies [7] [9] [20] [21] [28] [30] [32]
[41]. Despite the fact that much work has be done on automatically extracting lexical informa-
tion, this thesis differs in two ways. In terms of language, previous studies deal with English
or other European languages; little work has been done for Chinese. In terms of lexical seman-
tic relations, our literature survey reveals that hypernymous relation was studied and extracted
within nouns; the hypernymy-hyponymy relation between verbs is rarely studied so far. To our
knowledge, there has not yet been a completely constructed WordNet-like database in Chinese.
A sense-based taxonomic database—Chinese WordNet is impoverished in labeling semantic re-
lations. In total, our semi-automatic approaches extracted 9256 Chinese verb pairs which are in
hypernymy-troponymy relation. Compare to Chinese WordNet, where only 143 hypernymous
relation and 27 hyponymous relation were labeled to verbs, our returned results can definitely
enhance and enrich the integrity of WordNet-like database in Chinese. While the fully auto-
mated labeling is nearly impossible, our approaches generates the labeling semi-automatically,
means that the final evaluating part would be refined by linguists or domain experts. Neverthe-
less, the approaches proposed in this thesis can greatly and rapidly extract lexical information

at the first stage, aiding the construction of lexical database in a more effective way.
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5.3 Limitations of the Present Study and Suggestions for Fu-

ture Work

This thesis proposed two approaches on semi-automatic extraction of semantic relations. In
addition to evaluating the results extracted from our approaches, an investigation into errors
that decrease the performance was also provided. In doing so, limitations of this present study

can be discovered. Also, modifications and suggestions can be provided for future work:

e For syntactic pattern-based approach, some limitations were found by analyzing errors
and results. First of all, there were only two manually selected patterns being used. Most
input entries were then filtered out for they do not comply with our syntactic patterns.
For further research, a pattern discovery procedure is suggested before executing this

approach.

e Second, by scrutinizing the incorrect returned results, we have learned that Word Sense
Disambiguation (WSD) is needed. Also, the syntactic structure of a sentence will influ-
ence the accuracy of extracted verbs. A possible direction for future research is to do the
sense disambiguation and sentence parsing in a pre-processing procedure. In this study,
we left the parsing undone in order to limit the required time and resources for processing
the input data. Therefore, sentence parsing can be left for future works by using parsers

in Chinese such as Sinica Treebank!.

e Third, for all the Chinese verbs, they are subdivided into 15 different subcategories in
CWN including VA, VAC, VB, VC, VD, VE, VF, VG, VH, VI, VJ, VK, VK, VCL,
VHC. With such a diverse part-of-speech in Chinese verbs, it might become an issue in

studying what roles could POS play in finding lexical semantic relations. For example,

Thttp://rocling.iis.sinica.edu.tw/CKIP/treebank.htm
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do subcategories of verbs matter? If so, the information of POS may serve as a filter

during the process of automatic extraction.

e Fourth, in syntactic pattern-based approach, we resorted to Chinese WordNet as our data
source. Despite that CWN is a sense-split database, it contains only medium frequency
words including 5600 lemmas and 13160 word senses in total. For future work, data
source can be extend to a more general dictionary such as The Revised Chinese Dictio-
nary released by Ministry of Education(Z{ B 2B & R B & H{8 5] 4). Future work can
even extend the database to the limitless free text on the Internet— the Web As Corpus.
In this thesis, we resorted to dictionary-like database because a preliminary research on
the web showed that language is easily being metaphorized and hence becomes unstable
and unreliable. However, the immenseness of the free text can not be neglected. A pos-
sible direction for future work is to incorporate web text into database, assisting with the

information of POS, collocation, or other filters.

e For bootstrapping approach, it has been found that imprecise translations and conceptual
discrepancy will certainly lower the accuracy. While the conceptual differences are hard

to prevent, a modification on the equivalent translations is somehow doable.

e Last but not least, extending the approaches to other semantic relations is also suggested.
As mentioned, WordNet-like semantic networks were built on the paradigmatic semantic
relations. This thesis narrows down the scope to the hypernymy-troponymy relation of
verbs only. It is hoped that the proposed approaches, especially bootstrapping can be ap-
plied onto other paradigmatic relations such as antonym, synonymy, and meronymy, etc.

What is more, lexical semantic relations can also be extended from a syntagmatic per-

Zhttp://dict.revised.moe.edu.tw
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spective, such as thematic relations. More lexical semantic databases, such as HowNet?,

VerbNet*, VerbOcean®, etc. can be probed into for future work.

3http://www.keenage.com/
“http://verbs.colorado.edu/ mpalmer/projects/verbnet.html

>http://demo.patrickpantel.com/Content/verbocean/
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Appendix A

Programming Code

Programming language: Python

Version: 2.5.2

Syntactic pattern-based approach-1

#!/usr/bin/env python
# —+— coding: bigh5 —x*-—
import nltk, re, pprint

f

open('First_result.txt’)

f.read()

()]
Il

f.close ()
uni_string = unicode(s,’big5’)
aa = re.findall(r’ .+@|...2\(V[A-GI-KM-Z]+\) |...2\(Nv\)’, uni_string)

for word in aa:
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print word

Syntactic pattern-based approach-2

import nltk, re, pprint

f = open(’cwnsenselist.txt’)

s = f.read()

f.close ()

uni_string = unicode(s,’bigb’)

a = nltk.tokenize.regexp_tokenize

(uni_string,pattern=r’\s\$’, gaps=True
targetl = u’LA(P)’
target2 = u’#i(DE)”’
target3 = u’ H(@P)’
for word in a:
if targetl in word
print word
elif target2 in word:
print word
elif target3 in word:

print word

Bootstrapping approach-1

import nltk
from nltk.corpus import wordnet as wn
#for synset in list(wn.all_synsets('v’)):
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from itertools import islice
for synset in islice(wn.all_synsets(’'v’), 13767):
if len(synset.hyponyms()) !=0:

print synset, synset.hyponyms ()

Bootstrapping approach-2

import nltk
from nltk.corpus import wordnet as wn
#for synset in list(wn.all_synsets('v’)):
from itertools import islice
for synset in islice(wn.all_synsets('v’), 13767):
verb=synset.lemmas[0] .key
if len(synset.hyponyms()) !=0:
for s in synset.hyponyms () :
hypon=s.lemmas[0] .key
print verb+"=>"+hypon
f=open ("troponym.txt", "a+")
f.write (verb+"=>"+hypon+"\n")

f.close()
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Appendix B

Results from Syntactic Pattern-based

Approach

Syntactic pattern-based approach returned totally 989 hypernymy-troponymy pairs. As

space is limited, we only list 216 pairs in the Addendix. There are totally 38 verb pairs

being overlapped with the correct results from Bootstrapping; these overlapped pairs

were shown in shadow box:

Hypernym = Troponym

BV HC= f£1_1 I RV E= 1.6 I B2V D= 31
BEV D= 1.1 I BHZEV D= 116 EERY C'= # 3 I

B2V D= 3% 14

BEV C= 5 I

RV A = k.1 25V B = BE I WV O = EH 1 I

BB VO= # 1 I

BV C= 1tz _1 I BE VAC= . 1 I HRVD = %_1

IV HC = hnfs -1 I

BEVA= 111 I EEVC= ¥.6 ZHEVF= % 1 I
JEEEV O = 12 I HEVC = EfF.1 I BEIVAC = JE_1 I

BV C = 1.7

Ve = #1121 I

BENV AC = M1 I HTFEVCO= FE | RV EF = 1.1

BEEAV C = F£1.11 I
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Hypernym = Troponym

WERVC = 1.2 I

BEIVAC = 152 I

BV = 11 I

REVE = HEE-2 I

FERVC = H_1

BEVG = W3
FAVCL= 11
VB = 711
WEBVC = 1129
32V D= 1167
HEWV A= 22
#%V D= 3856
EHVC= #12 1
IRV O= $91.1

EEHV = £

BV C = 1 4

HEVCO =4
AFVHC= %12
HEIV C= #HBh_1

BERVC = K2
HEVO = Bl
FRVC = 516
iV A = ##1.1

RENVC = k8

BEVC = #2

TRERVA= #8¥_1 I

FHVC= k1
FBRVCO= K 6
EEVC = 1.9
BERVGE = 1T19
REVC = 7130
BV CO= T 1
RV C= #2.10
5tV C= 3852
ZLEVC= B4
RV J= 427
EEVHC= #3_1
H5IV B = #-1
#5V B= .5
BEVJ = 2.1
BEIVAC = 41
TEVA= B4
HERVB= 231
HEVK = #l2
HFEV A= W28 |

RENWC = #1852

BEIVAC = F_1 I

BVC= T 4
$aV A= EH
HETVC = #2.4

BYC = 7123

BAVC = fT1.39
RV C= W1
XEVC= #E1.1
EHEVCO= 1.1
1SRV E= 5121
’EVC = #51
EEVHC = 5132

VB = #2

HEVC =>#6
IV HC = #§1.13

BHVC = 82

HEVO = RS

FEVA= 13
HEAVCL = 3
BBV A= 3

EHRVI =12

FH#EV C= # 3

BEVC = #.4

BHVC = R I
BEBV C = £S5 I

MV A = filmmaz_1

RV C = #1.4

[FfEVC = %23
BEVCO = 7125
HEVC = iT1.41
EHVC= 181
E#HVC= E4.1
AV C'= %16
BV AC= BhEE 2
BEVCO=TE.6
RHEVC = #.1
HEVA= W17
FAEVC = w13
FRVC = W12
BVC = W1
BEEVHC= #_1
BAVC =175
WEVC = 1713
RV C =173
HEVC = 2.1

KEMVC= B3
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KBV J= 8.7
ZREVOL= $72.1
REVAC= Bl 3

V(0 = 2 1
BV D= %27
BEVC= i 1
BiRV O= K#1
#EV D= 3411
EAVOL = #12

BERVC= R2

HEVE= 4

BVC= 13

VO = #1.1

#HFEVO= B 4
2BV K= #HY 1
BUWEV C= #1.13
BHIVO= &K1
BAVCL= %1.10
EZEVC= 1tk 2
fHEV D= k18 4

BV = £1.1
RV F= R3]

BtV C= 542

ARV J= TEE 1
KRV CO= $12.2
WV CO= 1.6
SEEVHC= i 2
VD = %28
5PV A= g3k 2
BEVC= 315
BEVC= #1123
F2VC = BF-1
BV A= 13181

BRIV C= 1.6

EEV F= ERHRIE 2

FHVC= #1.6
X#EVC= $#11.8
HITVC= E15
HHVE= Ei%_1
MRV A= T§_1
BEVC= &1
RV A= 1 ]
[&V E= [BK_1
BEEVHC = ¥l_1
EHVC= 814
EEVC= 2.4

EVC = 151

HIEVO= 7.1
iV B= FE_1
RV C= E1.1
HEV A= %11
H2V D= %2 3
=KV C= #1138
FEAVC= T
HBEV D= #2_1
XEVCO= $1.1
BV O= EHE_1
HEBVC= &1.7
SEVHC= %2
BEIVAC= 13
BTV C= 5181
WV C= #16
BBV O= EfE2
MugV A= 18§2_1
B8V C= #1.9
BRV J= #51
fifV B= %_1
BV D = %FE 2
{8V C= 87 2
FMVE= .13

BFVCO= FER1

EVHC=3]5

RV C= B2 M1

BEV A= H1 4
WEVO= &1
BEV C= &z 1
v HC= #1.13
WV O= #32
BV O= 1.1
HEVJI= 12
A&V CO= &1.1
EBVA= E3
FBEVO= % 6
WARVC= F#H_1
ERVG= ER.1
HAVC= #1.9
FAEVC= ##_1
NEVC= 219
BVC = B_1
BEV J= HE1
HITVCO= 85
EEVHC= K5
BAVC= A1
FEV A= 112

PEVC= $E2

109




Appendix C

Results from Bootstrapping Approach

Bootstrapping approach returned totally 8305 hypernymy-troponymy pairs. As space is

limited, we only list 236 pairs in the Addendix:

Hypernym = Troponym

BE =B | BE=>TBE | EE-= BB EE = KiF
B = HE | %= 8 | BE-BE BE=>HBS
Bt= 28 | B4 =RRE | BE=SINE BE = (R
B = 15 | B8 = EE) | 2% = el B = (B [E
BE = W% | Bg =Bk | B =0 | B8 = B EEK
B = Wl | B B | B = Y B35 = FRotl
B9 =>I0E | B85 = LR | 8% = BgR | 85 = AHE
85 = 86 | 820 = &y P = B B =1

AL = & | = BiRK | 5 = DRSS | &8 = 8K
B = Fllsk | BB =T AR = 3k Bl = 2K
HE s O | EE s BT BE= i =
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s = dud
BRE = R
BREE — T
PEit= Bt
Bl = Bl
B = REER
BRAL = fRE

ER = i

I = [BZKTHRNE

Wl = ER
#IF = HE R
B = FXBE
& = 3E
B = FH
B = BEH
A%t = B
FAZE = 2%
BA%E = Pl
BAZ = A b
AR = R AE
HE = BE
e = F8E
feE= Ex

T = B

&€ = Bk
BRig = Pk
BRE = Judk
Pl = A
BT = WBiE
g - 2R

BIE = W&
BN = 8
fER = B0
Bk = BEFBE
B = &
BE = EEN
S = BE
PRES =
% = §]
BARA = T
Bl = &
aE = \NBrie
eE = Wie
BE =T/
RERS: = SBIR

R = aE
BRE — WER
BRI — §TIR
B = i
B = PR
& = 3
G = FEEm
B = £bk
M = BiF
B = &I
R = WH
iR = B
BE = 5t
o =T
B =R
g = S
BA% = s
BA%E = 1%

BAEH = &%t

R — f51F
g = Wi
BRE = fpE
Bl = 1T TE
B = Wi
B = {EH
#iz = PEfE
B = 1B
Bl = R~
R = B
BE = BE
EiE = S
P = ULEK
B = e
B = #E L
BAEE = R fE
PR = fE R
A% = gfE
BAFA = ZE(E
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g = (T
i = ik
g = B
= St
Ly B
g = g1t
B3 = ik
fBEE = B

7 =g
B =P

B =W

WH = IBEER
R =HEE
B =
B =R
T = FanR
FERE =B

B =R ER
BE =BT

BE =k
¥ > THY
MRy = BEEK

B —$E

g = R
g = {7
g = B
i = R
e = L
7 = fEGE
i = ET
feiE = #A L
HEL = LTSI
Eif = EEE
B =nEkA
B =>WERE
TE =18/
Wi =RELAHEAE
i

ik

=F ik
BB =3 X
0 =1 e
HUR =R
=%
B8 =i
B8 =T
B =g
g =k

b =%

HE = YuAEH
= IR
R = R
W = BE

g = HEb
5 = WE

R = RIEXRE
IR =EE
B4 =M

B =>1{f
I =>fREdR7K
BE) =i}

W2 = HI
Bm =
BB =k
i =2
B = MR

B = (BB

BE =T
i =BFIR
i =5F
8 =48k
i =k

i = BiE
i = B
g = P
g = R
g = Rk
B = weBA
R = RlbEiE
%is = g
B =T HER
BE) = 25
B =
TH = WiEST
WE =B
B =5
BB =T
BE = HREE
T8 = 8RR
H=EE
BE =R
BE) =B
i =R
BIE =fgs
g =

FE =85
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