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Abstract

In the research of natural language processing (NLP), understanding the
natural language is always a challenging problem. Traditionally, the research
of NLP focuses on the semantics and logic of natural language. However, the
present NLP research trend is focusing on the big data and machine learning
techniques. These two methods have their own pros and cons; however, the
traditional research of semantics and logic are seldom discussed in the recent
works, and the existing machine learning techniques also have their limita-
tions. Combining the traditional works on semantics with machine learning
techniques is a good perspective to research.

We build a system to solve the Chinese recognizing textual entailment
(RTE) problem by formal logic method. Based on the theory of formal seman-
tics and computational semantics, first, we use the machine learning technique
to convert Chinese sentences in natural language into syntax trees. Then, we
propose an algorithm to convert the syntax trees into semantic representations.
Also, we propose a method that solves the RTE problem by integrating exter-
nal knowledge resources with the proposed semantic representations. With
these semantic representations, we can use the theorem proving techniques to
solve the problem of Chinese RTE. Then, we demonstrate that our approach
can solve some simple cases of Chinese RTE. Also, we show the possibili-
ties and difficulties to solve the real-world cases. Finally, we point out the
strengths and weaknesses of our system, and the possibilities on future re-

search to improve our system.
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Chapter 1

Introduction

In this research, we try to find a method that makes computer understand the meaning
of text in natural language.

Natural Language Understanding (NLU) is the study of how computer can understand
natural language. It is a challenging task of Natural Language Processing (NLP). It re-
quires the study of semantics, the study of meaning, to represent the meaning of natural
language. One approach to represent the meaning is to represent the meaning by formal
logic, and this approach is called formal semantics. If the sentences in natural language
are represented in logical forms, computer can analyze the truth condition of these sen-
tences, or draw inferences according to these sentences. Recognize textual entailment
(RTE) is a task of natural language understanding. It is the task that given two text frag-
ments, deciding whether the meaning of one text is entailed from the other. If both of the
text fragments are converted into logical forms, we can easily decide whether one logical
formula is entailed from the other.

In recent years, with the advance of machine learning techniques, it becomes possible
for computers to learn how to build the logical forms automatically. However, the pro-
cess of building logical forms is susceptible to the errors introduced by machine learning
algorithms. If the error exists in the logical form, the computer will misunderstand the
meaning. Also, the advance of machine learning approaches demonstrates that it is possi-
ble to solve the task of NLP without understanding the meaning in natural language. For

example, by machine learning approach, the problem of RTE can be solved only by ana-
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lyzing the surface similarities, such as lexical similarity and syntactic similarity, between
two text fragments, without analyzing the deep semantics of the sentences. To draw an
analogy, a student can pass an exam if he practices lots of exercises in textbooks without
understanding the content of textbooks. However, a student can’t pass an exam if he mis-
understands the content of textbooks. Hence, in real-world applications, machine learning
approaches usually perform better than traditional NLU approaches. After 1990s, the re-
search trends of NLP are focusing on machine learning approaches, leading to a decrease

in the works of NLU.

However, some tasks in NLP, such as document summarization, question answering
and RTE, can’t be solved with high precision without understanding the meaning of natural
language. In recent years, there is a resurgence of research on NLU, mainly using the
techniques from previous decades, such as formal logic. However, most of these works
care only about English, and there are only few works of computational semantics focusing

on Chinese.

In this thesis, we do not intend to show that our formal logic approach is better than
(or just able to compete with) existing machine learning approaches in the Chinese RTE
task, rather than we want to show the possibilities and difficulties to solve the Chinese

RTE task by formal logic approach, with the underlying spirit of NLU.

1.1 Contributions of this Thesis

In this thesis, we build a system that can automatically construct the semantic repre-
sentation in logical form from natural language in Chinese, and we use the RTE tasks to
evaluate the capability of our system. We point out the possibilities and difficulties of
solving RTE tasks by our method, and our system can be served as a framework for fu-
ture research on computational semantics and NLU. Our contributions can be categorized
into three parts: for Chinese computational semantics, for Chinese RTE and for future

research.



1.1.1 For Chinese Computational Semantics

We present an algorithm to build semantic representations from the syntax trees pro-
duced by the CKIP Chinese Parser. By this algorithm, we can build semantic representa-
tion from free text. These semantic representations can cover several linguistic properties,

such as negation and conjunction.

1.1.2 For Chinese RTE

We present a formal logic approach to solve the Chinese RTE problem by using the
theorem prover to prove the satisfiability of the logical form. We also present a sim-
ple algorithm to construct the logical form of missing knowledge required to solve RTE
according to the input logical form, and we use some external knowledge resources to
validate the correctness of the logical form of missing knowledge. Then, we demonstrate
that our formal logic approach can solve the Chinese RTE tasks of simple sentences. We
also show the possibilities and difficulties to solve the Chinese RTE tasks of real-world

problems.

1.1.3 For Future Research

We build a framework that integrates the whole NLP pipeline from Chinese word
segmentation to semantic representation. It also integrates some external knowledge re-
sources such as the Chinese WordNet and the Chinese Latent Semantic Analysis (LSA)
Website. This framework provides a good environment for future research on Chinese

computational semantics and Chinese RTE.

1.2 Organization of this Thesis

First, we introduce the required background knowledge, such as formal semantics,
knowledge resources and RTE problem in Chapter 2, and we give a brief review on re-

lated research about computational semantics and RTE in Chapter 3. In Chapter 4, we
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elaborate on the implementation of our system and show a detailed illustration of our sys-
tem architecture and algorithm. In Chapter 5, we discuss the weaknesses and limitations
of our implementation. In Chapter 6, we demonstrate the capabilities and limitations of
our system in solving simple RTE cases and real-world RTE cases. In Chapter 7, we con-
clude this research and make a comparison to other previous research. In Chapter 8, we
propose several topics on how this system can be improved in the future research, and the

possibility of integrating this system into some real-world applications.



Chapter 2

Preliminaries

In this chapter, we introduce some required background knowledge of our work, in-
cluding natural language understanding, semantics, theorem proving, RTE and knowledge
resources. Natural language understanding is a subfield of natural language processing. In
order to achieve the understanding of natural language, we need to study how to represent
the meaning as logical form. Formal semantics is the study of expressing the meaning of
natural language by logical form. Computational semantics is the technique about how to
automatically convert sentence in natural language into logical form. Theorem proving
is the technique to prove whether a logical statement is true or false. RTE is a task to
recognize whether a text T entails a hypothesis H. Knowledge resources are the resources

of lexical knowledge and world knowledge that can be supplied to help the NLP tasks.

2.1 Natural Language Understanding

Natural language understanding (NLU) [1, 2] is a subfield of natural language pro-
cessing (NLP). The characteristics of NLU systems are that they deal with the machine
reading comprehension. The goal of an NLU system is to interpret an input text fragment.
The process of interpretation can be viewed as a translation from a natural language text
fragment into a representation in an unambiguous formal language, such as formal logic.
Using formal logic to represent text fragments in natural language has the following two

properties: First, the representation is precise and unambiguous. Second, the represen-
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tation captures the intuitive structure of the natural language sentences that it represents.
Beside semantic representation, many researchers have come to the conclusion that lin-
guistic knowledge and world knowledge play important roles in understanding the natural
language. Finally, if we want to demonstrate the capability of an NLU system, it can be
evaluated by the task of RTE. In this chapter, we will introduce the concepts of formal

logic representation, knowledge resources and RTE in the following sections.

2.2 Formal Semantics

Formal semantics is the study of representing the meaning of natural language by for-
mal logic, mainly first-order logic. For example, sentence (2.1) can be converted into
logical form as (2.2).

Brutus stabbed Ceasar. (2.1)
stab(Brutus, Ceasar) (2.2)

In other words, the sentence (2.1) can be characterized as a predicate-argument structure
that maps sentences onto logical forms. In this structure, the verb stab is a predicate,
the subject of the verb Brutus is the first argument, and object of the verb Ceasar is
the second argument. Although this type of representation can express the relationships
between verb, subject and object, however, it has some drawbacks. For example, if we
add a prepositional phrase (PP) with kni fe into (2.1), as (2.3). If we want to convert (2.3)

into semantic representation by this procedure, it will be transformed into (2.4).

Brutus stabbed Ceasar with knife. (2.3)

stab( Brutus, Ceasar, knife) (2.4)

In (2.4), we can see that the third argument knife is the instrument of the verb stab.

However, if we add another PP in the agora into (2.1), it will become (2.5).

Brutus stabbed C'easar in the agora. (2.5)

6



By this procedure, it will be transformed into logical form (2.6).

stab( Brutus, Ceasar, agora) (2.6)

Obviously, the third argument in (2.6), agora, is a location. However, in (2.4), the third
argument is an instrument, and hence the inconsistency of the type in the third argument

arises.

2.2.1 Davidsonian Event Semantics

Since we do not know that how many PPs can exist in a sentence. It is impossible to
allocate the argument slots of a verb predicate for PPs. Davidson [3] introduced the notion

of event as quoted below.

Adverbial modification is thus seen to be logically on a par with adjectival
modification: what adverbial clauses modify is not verbs but the events that

certain verbs introduce.

It means that the phrases that modify a verb actually modity the event introduced by that
verb. With this in mind, we can convert the sentences (2.1), (2.3) and (2.5) into logical

forms (2.7), (2.8) and (2.9), respectively.

Jde.stab(Brutus, Ceasar, e) (2.7)
Jde.stab( Brutus, Ceasar, e) A instrument(knife,e) (2.8)
Jde.stab(Brutus, Ceasar, e) A location(agora, e) (2.9)

In the above equations, the roles of PPs, such as instrument and location, become predi-
cates. The variable e is the event of the verb, and it serves as the bridges between the verb
and other modifiers such as PP. By this representation, we can add any number of PPs
without changing the counts of argument slots of the verb predicate. However, another

problem arises when some arguments are missing from the verb predicate. For example,
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in (2.10), the object of the verb is missing. After we convert it into logical form as shown

in (2.11), we do not know how to fill in the slot for the second argument in stab.
Brutus stabbed unexpectedly. (2.10)

Jde.stab(Brutus, ,e) A unexpectedly(e) (2.11)

2.2.2 Neo-Davidsonian Semantics

It is possible that the subject, object or other arguments of a verb are absent. The
solution is that we can treat all subjects and objects as modifiers of the verb. For instance,
we can transform the sentence (2.1) into logical form (2.12). Undoubtedly, the sentence

(2.10) can be transformed into logical form (2.13) without any unfilled argument slot.
Jde.stab(e) A subject(Brutus, e) A object(Ceasar, e) (2.12)

Jde.stab(e) A subject(Brutus, e) A unexpectedly(e) (2.13)

With the concept of thematic role [4], which describes the relationship between noun and
verb, we assign the role agent to subject of verb stab, and the role patient to object. Then,

the logical forms (2.12) and (2.13) become (2.14) and (2.15), respectively.
Jde.stab(e) A agent(Brutus, e) A patient(Ceasar, e) (2.14)

Jde.stab(e) A agent(Brutus, e) A unexpectedly(e) (2.15)

This kind of representation is called Neo-Davidson Semantics [5].

2.3 Computational Semantics

After knowing how to convert a sentence into its semantic representation, the question

is: How can we automatically convert sentences into semantic representations by com-
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puter program? This question is solved by the study of computational semantics. We can
use Lambda Calculus to build the semantic representation [6]. For example, if we want to
convert the sentence (2.1) into logical form (2.2), the first step is to convert it into syntax

tree, as illustrated in Figure 2.1. Then, we can construct the semantic representation by

the procedure illustrated in Figure 2.2.

S
/\
NP VP
/\
NNP VP NP
Brutus VBD NNP
stabbed Ceasar

Figure 2.1: Example of Syntax Tree

Az.stab(x, Ceasar)@(Brutus)

e . = St@b(BTUtUS, Ceasar) Tl \<\3;>
;‘ NP vp Ay Az.stab(x, y)@(Ceasar)
| T~ = \z.stab(z, Ceasar)
o NNP VP NP |
. | Brutus VBD NNP //
\ <1> : //:/’
. ' stabbed Ceasar o
- Brutus l ‘ 7
<l> : <> : y K
€ L7 //<2>

My x.stab(z,y) Ceasar

Figure 2.2: Procedure of Semantics Construction

< 1> Define the semantic representation for the verb stab as A\y.Ax.stab(x,y). Also, the

semantic representations for the proper nouns Brutus and Ceasar are Brutus and

9



Ceasar, respectively.

< 2> Combine the semantic representations according to the structure of this syntax tree.
First, combine the semantic representations A\y.Ax.stab(x,y) and Ceasar by func-
tion application: Ay.Az.stab(z,y)@(Ceasar). The symbol @ denotes function

application. The resulted semantic representation is Ax.stab(z, Ceasar).

<3 > Combine the semantic representations A\z.stab(x, Ceasar) and Brutus by function
application: \z.stab(x, Ceasar)@(Brutus). Finally, we get the semantic repre-
sentation of (2.2), stab( Brutus, Ceasar), and it is successfully constructed by this

procedure.

By this procedure, we can also construct the semantic representations introduced in Sec-

tion 2.2.1 and Section 2.2.2.

2.4 Automated Theorem Proving

Automated Theorem Proving (ATP) is the study of how computer programs can prove
that whether a logical statement is true or false. One of the methods for ATP is refutation.
This method is to negate the logical statement supposed to be proved (the conclusion), and
then add it to the list of premises. For example, given two logical formulas in (2.16), the

premise is P and the conclusion is Q).

(2.16)

If we want to prove that P — () is true, we can use a theorem prover to prove whether

P A =Q, (2.17), is satisfiable or not.

PA-Q

= A(x1) A B(za) A C(x3) A (A(21) V ~B(72))

10



If (2.17) is unsatisfiable, P — (@) is true; otherwise, P — () is false. Tableaux and

Resolution are two main algorithms that can solve the problem of ATP.

2.4.1 Tableaux

The goal of tableaux algorithm is to show that whether a formula is satisfiable or not.

The main idea of tableaux algorithm is to break down a complex formula into several

atomic formulas, until complementary pairs of atomic formulas are produced or no further

possible break-down exists. This method works on a tree (tableau) with nodes labeled with

formulas. At each step, we modify the tree by adding a descendant to a leaf in the tree.

For example, if we want to prove (2.17) is unsatisfiable, we initialize the root of tree as

P A —=@Q. Then, we decompose the formula at the root of tree and check the satisfiability

by the following procedures, shown in Figure 2.3a.

<1>

<2>

<3>

For every conjunction of formula, such as AA B, we decompose it into two formulas,
A and B, and append A to the node with formula A A B first, and then append B
to the node with formula A. In Figure 2.3a, we decompose the formula in the root,
A(z1) A B(zo) A C(x3) A (mA(x1) V = B(x9)), into A(z1) and B(zg) A C(x3) A
(= A(z1) V-B(x2)). We append A(z) to the root of the tree first, and then append
B(z2) NC(z3) AN (= A(x1)V—B(z2)) to the node with formula A(z4). Since B(x2) A
C(z3) A (mA(x1) V = B(x9)) can be further decompose into B(xs) and C(x3) A
(mA(z1) V = B(z3)), we decompose it and do the same procedure again, until no

conjunction can be decomposed.

For every disjunction of formula, such as AV B, we decompose it into two formulas,
A and B, and then append both of them to the node with formula A vV B. In Fig-
ure 2.3a, we decompose the formula —A(z;) V = B(zy) into = A(x,) and = B(z2),

and then append both of them to the node with formula —A(x;) V = B(x3).

If there is no further possible decomposition, we check the satisfiability of this
tableau by the following procedure. For every path from the root to the leaf of

this tableau, if a path contains both A and —A, and A is an atomic formula, this
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(a) P A =@ is Unsatisfiable

A(z1) A B(zg) A (mA(x1) V = B(22) V —C(x3))

(b) P A —Q is Satisfiable

Figure 2.3: Procedure of Tableaux Algorithm
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path is closed. If all the paths in the tableau are closed, this tableau is unsatisfiable;
otherwise, it is satisfiable. In Figure 2.3a, the path from the root to the node with
formula —A(x;) is closed, because it contains both —A(x;) and A(z,), annotated
by the dashed line. Also, the path from the root to the node with formula —B(z5) is
closed for the same reason. Since all the paths in this tableau are closed, this tableau
is unsatisfiable. If we exchange P and (), as shown in Figure 2.3b, the path from the
root to the node with formula —C'(z3) is not closed, because it does not contain both

—C(x3) and C(x3). Since this tableau contains a non-closed branch, it is satisfiable.

2.4.2 Resolution

Resolution is an inference technique, and it produces a new clause by combining two
clauses containing complementary atomic formulas. For example, given two clauses,
A(x) Vv B(z) and —=A(x), we can derive the conclusion B(x) by the resolution rule shown

in (2.18).

(2.18)

We can use the resolution rule to prove that (2.17) is unsatisfiable, and the procedure is

presented in Figure 2.4a.

In 1-3, since P is conjunctions of atomic formulas, we decompose P into three formu-

las.
In 4, since —() is disjunctions of atomic formulas, we do not need to decompose it.

In 5, we use the rule of resolution with 1 and 4 to eliminate the atomic formula —A(x;)

in 4.
In 6, we eliminate =B(x3) in 5 by resolution, and we get an empty clause.

After these procedures, if an empty clause can be generated, it means that P A —(Q) is
unsatisfiable. On the other hand, if we exchange P and (), as illustrated in Figure 2.4b,

we will leave a clause —=C'(x3) at the end of this procedure. The clause =C'(z3) can’t be
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{A(z1)}
{B(x2)}
{C(z3)}
[~ A(1), ~B(r2)}

{=B(z2)} resolve(1, 4)
{} resolve(2, 5)

(a) P A —Q is Unsatisfiable

SANAEE S

{A(z1)}

{B(x2)}

{—A(z1), ~B(72), ~C(w3)}

{~B(x2), ~C(x3)} resolve(1, 3)
{~C(xs)} resolve(2, 4)

(b) P A —Q is Satisfiable

Nk

Figure 2.4: Procedure of Resolution Algorithm

eliminated by the rule of resolution. As a result, an empty clause can’t be derived; hence

P A —Q is satisfiable.

2.5 Recognizing Textual Entailment

The Recognizing Textual Entailment (RTE) task is to recognize, given two text frag-
ments, whether the meaning of one text can be inferred (entailed) from the other [7]. Given
a pair of text expressions, denoted by T, the entailing Text, and H, the entailed Hypothesis,
if the meaning of H can be inferred from the meaning of T, we say that T entails H. For
instance, in the text pair T in (2.19), and H in (2.20), we can infer the meaning of H in

(2.20) from the meaning of T in (2.19).
T : Jones buttered the toast in the bathroom at midnight. (2.19)

H : Jones buttered the toast. (2.20)

In some cases, background knowledge is required to complete the inference task in RTE.
For example, in the text pair T (2.19) and H (2.21), if we want to infer the meaning of H

in (2.21) from the meaning of T in (2.19), we need to know the fact that at night can be
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inferred from at midnight.

H : Jones buttered the toast at night. (2.21)

RTE is a challenging task in natural language processing, and the algorithms to solve RTE

can be categorized into two types: formal logic approach and machine learning approach.

2.5.1 Formal Logic Approach

Formal Logic Approach is to convert the sentences into logical forms, and then use
theorem prover to prove the truth of entailment [8]. For example, if we want to prove the
entailment in the text pair T (2.19) and H (2.20), we need to convert the sentences (2.19)

and (2.20) into logical forms in (2.22) and (2.23), respectively.

Jde.agent(Jones, e) A buttered(e) A theme(toast, e)
(2.22)

Nlocation(bathroom, e) A time(midnight, e).

Jde.agent(Jones, e) A buttered(e) A theme(toast, e). (2.23)

Then, we can use a theorem prover to prove that (2.22) entails (2.23) is true; hence, H
(2.20) can be inferred from T (2.19). To solve the cases that requires background knowl-
edge, such as the text pair T (2.19) and H (2.21), we can convert the sentence (2.21) into
logical form (2.24), and the required knowledge that event happened at night can be in-

ferred from event happened at midnight can be converted into logical form (2.25), too.

Jde.agent(Jones, e) A buttered(e) A theme(toast, e) A time(night, e). (2.24)

Ve.time(midnight,e) — time(night, e) (2.25)

Then, the theorem prover can prove that (2.22) A (2.25) — (2.24) is true, so that T (2.19)

entails H (2.21) is true.

Since the logical forms need to be automatically constructed by the procedure intro-
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duced in Section 2.3, first, we need to build the syntax tree from raw text. However, using
the existing parsing algorithm, such as statistical parsing, is possible to produce the erro-
neous syntax tree, and the error of syntax tree usually propagates to the error of logical

form. Hence, this approach is sensitive to the error produced during the preceding stages.

2.5.2 Machine Learning Approach

The RTE task can be viewed as a binary classification problem of classifying whether T
entails H is true or false. Machine learning, mainly supervised machine learning, including
decision tree[9], support vector machine (SVM) [10], and so on, is a technique to solve
this kind of classification problem. The overall process of supervised classification is

presented in Figure 2.5 [11].

a. Training Phase

In the Training Phase, the input data consists of two parts, text and /abel, as shown
in Figure 2.6a. Text contains pairs of T and H, and label is the truth of whether T entails
H, manually annotated by human labor. Then, the features of text are extracted from
text by feature extractor. These features can be anything that can be used to distinguish
the difference between whether T entails H or not. There are a wide variety of features
to choose, such as word similarity, syntactic similarity, tree edit distance, existence of
negation word, difference in numerical words, etc. The choices of features can have a
huge impact on the precision of classifier. The result after feature extraction is a matrix of
features with corresponding numerical values, as shown in Figure 2.7a. Then, the machine

learning algorithm can train a classifier model according to the labels and the features.

b. Prediction Phase

In the Prediction Phase, the input data consists of text, without the label of truth of
entailment, as illustrated in Figure 2.6b. First, we use the feature extractor to extract the
features from text, similar to the matrix presented in Figure 2.7a. Then, we can use the

classifier model trained by machine learning algorithm to predict the values of labels.
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Based on the values of features, the classifier model can generate the result of truth of
whether T entails H, as shown in Figure 2.7b.

Unlike formal logic method, the performance of machine learning method will not be
directly affected by the error during building syntax tree; nonetheless, supervised machine

learning method requires huge amount of human labor in annotating data for training.

(a) Training

label

| |
| l
| . |
; machine !
| |
| |
| |
| |

learning
feature )
text features algorithm
extractor

3 feature classifier 3
l { text } extractor <{features]* model —) l

Figure 2.5: Procedure of Supervised Machine Learning for Classification

id | text label

1 T : An American won the Nobel prize for literature. True
H : An American won the Nobel prize.

) T: The Council of Europe has 45 member states. True
H: The Council of Europe is made up by 45 member states.

3 T: Jody saw Gary sign the contract. False

H: Judy saw Gary sign the contract and his secretary make a copy.

(a) Input Data in Training Phase
id | text
T : Einstein won the Nobel prize for physics.
H : Einstein won the Nobel prize.
T: The Council of Europe has 45 member states.
H: The Council of Europe is made up by 42 member states.
T: Nancy saw Steven playing the piano in the living room.
3 . .
H: Nancy saw Steven playing the piano.

(b) Input Data in Prediction Phase

Figure 2.6: Input Data for Machine Learning
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id | feature, features, features id | label
1 2.0000 3.5001 1.3319 I | True
2 | -3.0000 2.4232 2.1121 2 | False
3 | -6.0000 -1.7121 1.0023 3 | True
(a) Matrix of Feature Values (b) Result of Prediction

Figure 2.7: Feature Values and Results
2.6 Knowledge Resources

In RTE task, extra knowledge is usually required to solve the entailment problem. Re-
sources of knowledge can be categorized into two types: lexical knowledge (the meaning
of words) and world knowledge (general concept about the world). Lexical knowledge
and world knowledge can be created by human labor, such as lexical semantics and ontol-
ogy. Knowledge can also be extracted automatically from corpus, such as distributional

semantics.

2.6.1 Lexical Semantics

Lexical knowledge can be created by the study of lexical semantics. Lexical knowl-
edge provides the knowledge of meaning of words and the relation between words. Word-
Net [12] is a lexical knowledge resource for English. It groups words (lemmas) into sets
of synonyms, called synset, based on their meanings, and provides semantic relations be-
tween these synsets. There are several types of semantic relations, including:

e hypernyms : Y is a hypernym of X if every X is a Y (canine is a hypernym of dog)

e hyponyms : Y is a hyponym of X if every Y is a X (dog is a hyponym of canine)

o meronym : Y is a meronym of X if Y is a part of X (tree is a meronym of forest)

e holonym : Y is a holonym of X if X is a part of Y (forest is a holonym of tree)

For instance, the word dog, is in the synset Synset(dog), and this synset has three lemmas,
including Lemma(dog), Lemma(domestic_dog) and Lemma(Canis_familiaris). The
hypernyms of Synset(dog) are Synset(domestic_animal) and Synset(canine), and the
hyponyms of Synset(dog) are Synset(puppy), Synset(pooch), ...,and Synset(grif fon),

etc. These semantic relations are illustrated in Figure 2.8.
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[Synset(domesticanimal)] [Synset(canme)]

hypernym Hypernym

( N\

Synset(dog)

Lemma(dog) = Lemma(domestic_dog) = Lemma(Canis_familiaris)

synonym synonym

hyponym hypénym hyponym

[Synset(puppy)] [Synset(pooch)] [Synset(grz’ffon)]

Figure 2.8: Example of Semantic Relations in WordNet

VerbNet [13] is another type of lexical knowledge resource. It provides the link be-
tween syntax and semantics of verbs. Each VerbNet class contains a set of verbs with a
list of thematic roles, such as agent, theme and location, etc. Several syntactic frames are
assigned to each verb class. Syntactic frames describe all possible surface realizations of
the verbs. For example, the verb class eat — 39.1 — 1 has four syntactic frames, and one
ofthemis NP V N P, and the corresponding thematic roles are Agent V' Patient. All

the syntactic frames of verb class eat — 39.1 — 1 are presented in Table 2.1.

syntactic frame thematic role example

NP V NP Agent V Patient Cynthia ate the peach.
NP V Agent V Cynthia ate.

NP V PP-Conative | Agent V (at) Patient Cynthia ate at the peach.
NP V PP.source Agent V ((+src)) Source | He ate off of the table.

Table 2.1: Example of Syntactic Frame in VerbNet

2.6.2 Ontology

World Knowledge is the knowledge that is independent from language. For example,
the knowledge that a bicycle has two wheels is an example of world knowledge. No matter
what kind of language we choose to describe it, the concept of this knowledge remains the
same. However, a problem arises. How can we formally represent the world knowledge?

The solution is to represent it by ontology, which formally represents world knowledge
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as a hierarchy of concepts and interrelationships between these concepts [14]. For ex-
ample, if we want to describe the world knowledge in Figure 2.9, we can use ontology
to conceptualize this knowledge, as illustrated in Figure 2.10. In this figure, the circular
nodes represent the concepts, and the arrow-headed lines represent the relationships be-
tween concepts. For instance, the concept Car is a subclass of the concept Vehicle, and its
relationship between Engines is has, and the word min represents the cardinality of rela-
tionship. Ontology can also be represented by logical form, such as description logic [15].
For example, we can represent the ontology in Figure 2.10 by description logic, as shown
in (2.26). In this formula, the symbol C means subset C, the symbol [l means intersection
N, the symbol >3 means the cardinality is greater or equal to 3, and the symbol =, means

the cardinality is exactly equal to 2.

Car C Vehicle M (>3 has.W heel) M (>1 has.Engine)
(2.26)

Bicycle C Vehicle M (=4 has.W heel)

A car has more than two wheels.
A car has one or more engines.
Car is a kind of vehicle.

A bicycle has two wheels.
Bicycle is a kind of vehicle.

Figure 2.9: Example of World Knowledge

2.6.3 Distributional Semantics

Unlike lexical semantics and ontology that require human labor to build, distributional
semantics can be automatically built by unsupervised machine learning technique. The ba-
sic idea of distributional semantics is based on the hypothesis: Words which are similar in
meaning occur in similar contexts [16]. There is a wide variety of computational models
implementing distributional semantics, including Latent Semantic Analysis (LSA) [17],

Hyperspace Analogue to Language (HAL) [18], syntax-based or dependency-based mod-
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subclassOf subclassOf

has exactly 2

has min has min 3

Figure 2.10: Example of Ontology

els, and so on. In this work, we focus on LSA, which is a statistical technique to measure
the semantic similarity between words. The overall procedure of LSA is demonstrated in
Figure 2.11. This technique converts words into vectors, and measure the similarity be-
tween two words by calculating the cosine similarity between two vectors. The first step
of LSA is to represent the text as a matrix. In this matrix, each row stands for a unique
word and each column stands for a text passage or other context. Taking an example in
Landauer et al. [17], if we have the data in Figure 2.12, we can compute the matrix as
shown in Figure 2.13. Then, we use singular value decomposition (SVD) to decompose
an m X n matrix M into a factorization of the form (2.27). In this equation, U is an m x m
orthogonal matrix, V' is an n x n orthogonal matrix, and X is an m X n diagonal matrix.
SVD can filter out noisy elements and strengthen important values. Also, it reduces the
dimensions of a matrix, making vector-space operation much more efficient. After apply-
ing SVD, each word is represented as a vector with n dimensions. For every word pair
W; and W, the distance between two term vectors W; and WW; can be measured by cosine
similarity (2.28). In this equation, w;;, and w;y, are the k-th components of vectors I¥; and
W;, respectively.

M=UxXxVT (2.27)
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Figure 2.11: Procedure of Latent Semantic Analysis

(2.28)

Semantic
Similarity

cl: Human machine interface for ABC computer applications

c2: A survey of user opinion of computer system response time
c3: The EPS user interface management system

c4: System and human system engineering testing of EPS

c5: Relation of user perceived response time to error measurement
ml: The generation of random, binary, ordered trees

m2: The intersection graph of paths in trees

m3: Graph minors IV: Widths of trees and well-quasi-ordering
m4: Graph minors: A survey

Figure 2.12: Example of Text Data

cl ¢2 ¢c3 ¢4 ¢5 ml m2 m3 md
human 1 0 0 1 0 O 0 0 0
interface | 1 0 1 0 0 O 0 0 0
computer | 1 1 0 0 0 O 0 0 0
user o 1 1 0 1 0 0 0 0
system o 1 1 2 0 0 0 0 0
response | 0 1 O O 1 O 0 0 0
time O 1 0 0 1 0 0 0 0
EPS o o 1 1 0 0 0 0 0
survey o 1 0 0 0 0 0 0 1
trees O 0o 0 0 o 1 1 1 0
graph 0O 0 0 O O O 1 1 1
minors O 0 0 O 0 o0 0 1 1

Figure 2.13: Example of Terms-Contexts Matrix
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Chapter 3

Related Works

In this chapter, we discuss some previous works related to our research. These works
can be categorized into two types: works on computational semantics and works on RTE.
Among the works of computational semantics, most of them are about English, and only
few of them are about Chinese. Among the works of RTE, there are three adopted ap-
proaches. These approaches include formal-logic approach, machine learning approach
and mixed approach. However, in the works of Chinese RTE, they only adopt machine

learning approach. We will introduce these works in the following sections.

3.1 Computational Semantics

Research on computational semantics spans in several dimensions, such as seman-
tic representation, semantic construction, inference techniques, knowledge resources and
wide-coverage text understanding [19]. Logic form semantic representation is proposed
by Montague [20], and is usually adopted. There are three types of methods for semantic
construction, including lambda calculus based algorithm[6], unification-based algorithm
[21] and linear logic [22]. There are two types of inference techniques, including theorem
proving [23], and model building [24]. Lexical knowledge resources, such as WordNet
[12], provide the semantic relations between words. The semantic relations between the
synonym sets in WordNet can be transformed into logical forms. Extended-WordNet is

a logic-form translation of WordNet [25]. Other lexical knowledge resources, such as
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FrameNet [26], VerbNet [13] and PropBank [27], provide the annotations of thematic roles
for Neo-Davidson semantics. Wide-coverage is an important issue for computational se-
mantics when applied to real-word applications. Clark and Curra [28] construct semantic
representations from the derivations produced by a statistical parser for combinatory cat-
egorical grammar (CCG) [29]. Crouch and King [30] construct semantic representations
from functional structures obtained from parsing newswire text by lexical functional gram-
mar (LFG) [31]. Copestake and Flickinger [32] construct semantic representations by a
grammar development environment using head-driven phrase structure grammar (HPSG)

[33].

3.1.1 Computational Semantics in Chinese

Most of the studies for computational semantics are about English, while only few of

them are about Chinese.

Zhang and Zhang [34] present a logical approach toward answer validation in Chinese
question answering system. They also introduce a transformation algorithm that trans-
forms Chinese sentence into logical form. Their algorithm uses translation codes to build
semantic representations from syntax tree. The translation codes are designed for a small
set of grammar rules that contains about 370 rules that cover the entire set of parsing trees.
This work also introduces a method to use HowNet [35], a Chinese lexical knowledge
dictionary and taxonomy, as a substitution for WordNet, to provide lexical knowledge

required for logical reasoning.

Chen and Wu [36] demonstrate a method to construct logical form from data in Academia
Sinica Balanced Corpus [37]. They adopt a rule-based strategy to build the semantic gram-
mar. The semantic grammar is constructed as two parts: a syntactic part that generates
syntactic structures, and a semantic part that builds semantic representations. The seman-
tic representation in this work includes the lambda notation and the first-order predicate
logic with a Davidsonian analysis of event semantics and the quantifier semantics of Gen-

eralized Quantifier Theory [38].
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3.2 Recognizing Textual Entailment

The task of RTE was first proposed in the FRACAS project [39]. The data in the
FRACAS test suite is created artificially, and is designed for evaluating the quality of
semantic representations by formal logic. RTE became popular when Dagan et al. [7]
started a series of competitions of RTE task, known as the PASCAL RTE challenges. The
data in PASCAL RTE is real-world data rather than artificially constructed examples. It
is not designed for evaluating the quality of semantic representation, but for evaluating
the performance of RTE task. Androutsopoulos and Malakasiotis [40] survey a wide va-
riety of techniques for paraphrasing and RTE tasks used on the MSR (Microsoft Research
Paraphrase Corpus). These techniques include logic-based approach, machine learning,
vector space models (VSM), syntactic similarity, symbolic meaning representation simi-
larity, and decoding. Mainly, these techniques can be categorized into three types: formal

logic approach, machine learning approach and mixed approach.

3.2.1 Formal Logic Approach

Tatu and Moldovan [8] demonstrate a formal logic approach to RTE task. In this work,
the first step is syntactic parsing. In order to reduce the error of parsing, the syntax trees are
derived from two types of parsers: constituency parser and dependency parser, and then
they construct the semantic representation from the two syntax trees. Lexical knowledge
is derived from eXtended WordNet, and world knowledge is hand-coded built according
to the development set data. This system achieves high accuracy on the 2006 PASCAL
RTE data.

Wotzlaw and Coote [41] present a new system for recognizing textual entailment. This
system is a modular environment allowing for a high-coverage syntactic and semantic text
analysis combined with logical inference. For the syntactic and semantic analysis, they
combine a deep semantic analysis with a shallow one supported by statistical models. The
semantic representation in this work is minimal recursion semantics (MRS)[21], which is

a common semantic formalism for HPSG grammar[33]. For RTE, they use logical infer-
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ence of first-order logic employing model-theoretic techniques and automated reasoning
tools. The external knowledge resources are provided for the reasoning procedure, in-
cluding lexical semantics, such as WordNet[12], and ontology, such as YAGO[42] and
OpenCyc[43].

3.2.2 Machine Learning Approach

Zanzotto et al. [44] introduce the class of pair feature spaces, which allows machine
learning algorithms to exploit the relations between a text (T) and a hypothesis (H), and
derive first-order rewrite rules on a syntactic-semantic representation of training exam-
ples. These features include lexical, syntactic and semantic features. They also propose a
method to encode shallow semantic information in data representation through the use of
typed anchors. Extensive experiments on the RTE challenge datasets: RTE1, RTE2 and

RTE3, demonstrate that the proposed method works.

Huang et al. [45] introduce a method to model what human think in the RTE process to
solve the RTE problem. First, they analyze a labeled RTE test set and find five significant
negative entailment phenomena that are important features for RTE. Then, they propose
a method to extract these kinds of phenomena from raw text automatically, and train the
SVM classifiers with these features to solve the RTE problem. They evaluate the perfor-
mance on both the English RTE-5 dataset and the Chinese NTCIR-9 RITE dataset, and

conclude the same findings.

3.2.3 Mixed Approach

Bos and Markert [46] use logical inference techniques for recognizing textual entail-
ment. They use a robust wide-coverage CCG-parser[28] to generate semantic represen-
tations for each T/H-pair. They also incorporate theorem proving techniques with model
building techniques to solve RTE by formal logic method, and show that it is an useful
and robust method for the approximate entailment. In addition, they use machine learning

techniques to combine the formal semantic techniques with simple shallow word overlap.
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The resulting hybrid model achieves high accuracy on the PASCAL RTE test sets.

Raina et al. [47] present a system for textual inference that uses learning and a logical-
formula semantic representation of the text. First, they use dependency parser[48] to build
dependency graph from raw data, and translate the relations represented in the dependency
graph into a logical formula. Then, they use an abductive inference algorithm[49] to per-
form semantic reasoning. Also, they use machine learning techniques to learn how to
combine information from several knowledge resources to decide which are plausible as-
sumptions during its reasoning process. In the end, they do an experiment on the dataset
from the PASCAL RTE 2005 challenge competition, and achieve the highest confidence

weighted score.

3.2.4 Recognizing Textual Entailment in Chinese

Chinese RTE is a new open research issue. There are only a few prior works related
to Chinese RTE, due to the lack of datasets and benchmarks. The RITE task in NTCIR-9
[50] and NTCIR-10 [51] provide a benchmark for researchers to evaluate the methods on

this topic. All of the prior works in Chinese RIT use machine learning techniques.

Huang et al. [S2] propose a system to deal with the Chinese RTE problem for NTCIR-9
RITE task. This system is based on the support vector machine (SVM) model, and they
construct the feature vectors by finding the differences between the text T1 and text T2 on
several linguistic levels, including lexical, syntactic, dependency and sentiment polarity

difference.

Yang et al. [S3] introduce their finding on the entailment analysis of the NTCIR-10
RITE-2 dataset, and use their observation to improve their system. They define ten spe-
cial cases that are not suitable for conventional machine learning classifier. They also
implement some modules for four special cases, and the result is significantly improved

from 67.86 to 72.92 on the binary classification task.
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Chapter 4

Implementation: System Architecture

and Algorithm

In this chapter, we introduce the implementation of our system. This system consists
of several components, including the CKIP Chinese Parser, Semantic Constructor, RTE
Engine and knowledge resources. Also, we introduce the algorithm in each component.
The CKIP Chinese Parser converts Chinese raw sentence into syntax tree. The Semantic
Constructor constructs the semantic representation from syntax tree. The RTE Engine
solves RTE problem by proving the satisfiability of input logical form. The knowledge

resources provide the required knowledge for RTE Engine.

4.1 Overview

The System Architecture is shown in Figure 4.1. The input is raw text. It consists of
the text pairs of T and H of a given RTE problem. Then, we use the CKIP Chinese Parser
to segment and parse the raw text, and construct the syntax trees. In the next step, the
Semantic Constructor builds the logical forms of T and H from the syntax trees, and then
the RTE Engine solves the RTE problem by proving whether T entails H is true or false.
In some cases, extra knowledge is required to complete the proof. The RTE Engine will
construct the logical forms of required knowledge, and use other knowledge resources

to validate them. In this system, there are two kinds of knowledge resources: lexical
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semantics and distributional semantics. Lexical semantics is a kind of handcraft resource
for lexical knowledge. It is possible that the knowledge cannot be found in these resources.
Then, we need to obtain the knowledge from the corpus by distributional semantics. When
the knowledge is prepared for the RTE Engine, we can prove whether T entails H. We will

elaborate on each component in Figure 4.1 in the following sections.

4.2 CKIP Chinese Parser

In order to construct the logical form of a Chinese sentence, we need to parse the
sentence into a syntax tree first. The algorithm for parsing Chinese sentence is statistical
parsing, which is a type of machine learning technique. By learning the parsing rules from
large amount of human-annotated corpus, this algorithm can generate the most probable
syntax tree of the input sentence. In this research, we use the CKIP Chinese Parser [54] to
generate the syntax tree from the raw sentence. We take the sentence (4.1) as an example.
For this example, the syntax tree generated by the CKIP Parser is shown in Figure 4.2.

JP IR R
4.1)
XiaoMing plays computer.

In this figure, the annotations of nodes can be categorized into two types: label and tag.
There are two types of labels: Head and Semantic Labels. Head denotes the Head Word
for a given tree or subtree. Semantic Label is the label that represents thematic roles, such
as agent and goal. In this sentence, agent means subject, and goal means object. The
tags NP, VP, etc. are Part of Speech Tags (POS tags) of words or subtrees. The detailed
introduction of these semantic labels and POS tags are in Technique Report of Sinica CKIP

Group [55, 56].

Also, the input of the CKIP Chinese Parser can be the segmented Chinese sentence, as
in (4.2), to generate syntax tree in Figure 4.2. Since the segmentation result from the CKIP

Parser may not be correct, we can reduce the segmentation error by taking the manually
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Figure 4.1: Overview of System Architecture
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agent Head goal
NP V(2 NP
‘ ‘ --------- Tag: Part of Speech Tag
Head = Head
Nba - Nab
) E i Word

Figure 4.2: Syntax Tree from the CKIP Chinese Parser

segmented text as input for the CKIP Parser. This issue will be discussed in Section 5.1.

S S

(4.2)
Xiaomin Play Computer

4.3 Semantic Constructor

The role of the Semantic Constructor is to convert the syntax tree from the CKIP Parser
into logical form. We adopt the logical form of Neo-Davidsonian Semantics introduced
in Section 2.2.2. We use lambda calculus to construct logical form from syntax tree, and
integrate the annotations of semantic labels into logical form. The logical form constructed

from the syntax tree in Figure 4.2 is shown in (4.3).

| B (ny) A agent(ny,e) A F=(e) A & "a(ng) A goal(ng, €) 4.3)

We elaborate on how to construct this logical form in the following sections.

4.3.1 Semantic Construction

We present an algorithm to convert the syntax tree produced by the CKIP Chinese
Parser into Neo-Davidsonian (introduced in Section 2.2.2) logical form by lambda calcu-

lus. This algorithm consists of five types of operations. These operations are listed in the
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following:

Opl : Initialization

Op2 : Pass Operation

Op3 : Application with Semantic Role
Op4 : Conjunction of Multiple Children

OpS5 : Termination

The overall process of this algorithm is depicted in Figure 4.3. In this figure, the dashed-
line arrows represent the steps of semantic construction, and the dotted-line arrows repre-
sent the paths of tree traversal from leaves. We will elaborate on these operations in the

following paragraphs.

Op1 : Initialization

The first operation is initialization. In this operation, we give semantic representa-
tions to every leaf with word and every node whose label is thematic role. The seman-
tics of node with word W is Ax.W (z), and the semantics of node with thematic role
R is APAx)e.R(x,e) A P(x). For example, in Figure 4.3, the semantics of leaf node
with word -]- P (XiaoMing) is Az.-]' P (z), and the semantics of node with role agent
is APz e.agent(x,e) A P(z). After initialization, we traverse this syntax tree up from

every leaf.

Op2 : Pass Operation

After operation 1, we traverse up from every leaf. In this operation, if the label of
the node is Head or DUMMY, and the node has only one child, we just need to pass the
semantics from the child of this node to this node. In Figure 4.3, the parent node of the
node with word -]* P has only one child, and its label is Head; hence, we just pass the

semantics Az.-|* F* (z) upward to this node.
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Ae.agent(ny,e) A -] B (ng) A 3=(e) A goal(ng, e) A & %a(no)@e

= agent(ny,e) A -] P (n1) A 32(e) A goal(ng, e) A T "&a(ng)

0
|
| op5
I
|
|

APAQARMNe.P(e) A Q(e) A R(e)@Ae.agent(ny, e) A -] P! (ny) @ z.3=(x)@Ae.goal(ng, ) A T "a(ns)
= Xe.agent(ny, e) A 7| P (n1) A 3=(e) A goal(na, e) A T *a(nz)

o op4 JON

op4 o

APAxXe.agent(x,e) A P(x)@Mx.-] P (x)@ny
= Ae.agent(ny,e) A -] B (nq)

n
A

APXxXe.goal(x,e) A P(z)@Mx. T "% (x)@na
= Ae.goal(na, e) A % a(ng)

K

 " op4

op3 T - .~ op3

APAz)e.agent(z,e) A\ P(x) APAzAe.goal(z,e) A P(x)

:‘ op3 opl// '0p4 0p4 \“opl op3 ‘
agent _ Head goal
Ar.3e(x
NP ) yer NP
4 | ” A
0p3":: op2 ‘ op3 )
. Head =~ 3‘ " Head »
Ax.o] P (x | I M. &R (g
JAFI () Nba op2 | ‘ Nab o 6()
! d opl 3 B |
op2 4':__ - Az.3%(x) op2
op2 | ! ‘ﬂ ““‘”m | op2
opl 3 opl 3 !
20 N €) Ax. % Ma(x) -
————— opx - - - - Steps of semantic construction.

> Paths of tree traversal from leaves.

Figure 4.3: Algorithm for Semantic Construction
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Op3 : Application with Semantic Role

While traversing the tree upward, if the label of the node is thematic role, and it has
only one child, we combine the semantics of thematic role with the semantics of its child
by application of lambda calculus. In Figure 4.3, the node with role agent has semantics
APAzXe.agent(x,e) A P(x), and the semantics of its child is Az.-] F* (x). The application

of lambda calculus is shown in (4.4).

APAzXe.agent(x,e) A P(x)@Ax.-| P! (z) = Axde.agent(x,e) A -] 1 (x)  (4.4)

After combining the semantics, we need to rename the variable x. For example, if the
word | F* is the first noun appearing in the sentences of RTE paris T and H, we need to

replace the variable = of predicate -] P* with ny, as shown in (4.5).

Az Ae.agent(z,e) A -] P (z)@ny = Ae.agent(ny,e) A -] B (ny) (4.5)

Op4 : Conjunction of Multiple Children

When traversing the tree upward, if a node has multiple children, we need to combine
the semantics of every child by conjunction. In Figure 4.3, the node with tag S has three
children, and we use application of lambda calculus with the formula APAQARMe.P(e) A

Q(e) N R(e) to combine the semantics of child nodes, as shown in (4.6).

APAQARMe.P(e) A Q(e) A R(e)
@Ae.agent(ny,e) A\ -] P! (ng) @A z.3=(x)@Ae.goal(ng, e) A T *a(ng) (4.6)

= Xe.agent(ny,e) A -] P (ny) A 3=(e) A goal(ng, e) A & *a(ng)
OpS5 : Termination

When traversing the tree upward, if we reach the root of the tree, we need to do the
operation of termination. This operation is to remove the remaining A operator in logical

form. For example, in Figure 4.3, the node S is the root of the tree, so we remove the
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remaining A operator by application, as shown in (4.7).

Ae.agent(ny, e) A -] B (ny) A 3=(e) A goal(ng, e) A T "a(ng)@e

(4.7)
= agent(ni,e) A -] B (ny) A 3=(e) A goal(ng, e) A T *a(nz)
4.3.2 Semantic Construction for Prepositional Phrase

In some cases, the sentence may contain Prepositional Phrase (PP). For example, the
sentence in (4.8) contains a PP: % (at) .(home),

| (XiaoMing) i (at) #(home) 3= (play) 7 "& (computer) (4.8)

and the syntax tree of this sentence is in Figure 4.4. If we use the previous algorithm to

S
agent location Head goal
NP PP vC2 NP
| S |
Head @ Head DUMMY Head
Nba P21 NP Nab
\ ‘ \
Head .
‘| P £ Ne;) TR
Fe

Figure 4.4: Syntax Tree of Sentence with Prepositional Phrase

generate logical form from Figure 4.4, we will get a redundant atomic formula % (n,), as
shown in (4.9).

| B (ng) A agent(ng, e) A f(ny) A Fdny)

(4.9)
A location(ny, e) A F=(e) A 7 %a(n2) A goal(ng, e)

Since the relation between 3{n; ) and 3=(e) is annotated by the thematic role location(ny, ),

the formula #(n;) becomes redundant. In order to avoid creating the redundant formula,
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we need to check the tags during the operation Opl. We should check the tag of the leaf
before initializing its semantics. If the first alphabet of the tag is P, it means that this word
is a preposition. Hence, we should not initialize the semantic of this leaf. We illustrate

this process in Figure 4.5. The first step is Opl. In this step, we should not need to ini-

i 1
location _oP1 APz Xe.location(x,e) A P(x)

PP ‘
/\.,._.op3 “
Head DUMMY op3
P21 NP e 3 lo) " APXzAe.location(z,e) A P(r)@\z. 7{r)@n,
" o op3 = Ae.location(ny, e) A FLny)
0p2"~ op2 i
. Head l
= Ncb Az, )
sz op2 ; - - -opx- - -~ Steps of semantic construction.
_,.~;:)p1 e opx.-----> Paths of tree traversal from leaves.
—————— Az, F7Lx)

Figure 4.5: Semantic Construction for Prepositional Phrase

tialize the semantics of the leaf with word ., because the tag of this word is P2/. We
only need to initialize the semantic of word F.as Ax. #{x) and initialize the semantic of
thematic role location as APz \e.location(x,e) A P(x). The next step is to traverse up
the tree from its leaves. Since there is only one leaf 7_with semantic representation, we
only need to traverse up from it. In addition, the labels of parent and grandparent of this
node are HEAD and DUMMY, respectively. They satisfy the requirement of Op2, so we
only need to pass the semantic representation up to its grandparents. The last step, when
we reach the root of the tree, since this role only has a child with semantic representation,
we only need to do Op3. By using Op3, we combine the semantics of thematic role with

the semantics of its child, and generate the final result, as shown in (4.10).

Ae.location(ny, e) A F{ny) (4.10)

Comparing to the logical form in (4.9), this result does not contain the redundant formula

. (nq). It can be further combined with the semantic representations of other nodes in the
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syntax tree Figure 4.4, and generate the final result (4.11).

| B (ng) A agent(ng, e) A 7{ny1) A location(ny, e)
(4.11)

A Fe(e) A T Ha(na) A goal(ng, e)

4.3.3 Semantic Construction for Noun Phrase

In some cases, the noun phrase (NP) is composed by multiple words. For example, in

(4.12), the NP, & *% (computer) %% (game), consists of two words.

| (XiaoMing) = (play) & "% (computer) £%z% (game) (4.12)

We build the syntax tree of this sentence, as illustrated in Figure 4.6. To construct the se-
mantic representation of NP 7 #& (computer) ¥%i% (game), we can use the same algorithm
introduced in Section 4.3.1. The process of generating the logical form from the subtree

of this NP is shown in Figure 4.7. The first step is Op1. In this step, we initialize the se-

S
agent  Head goal
NP VC2 NP

| T

Head property  Head
Nba Nab Nac
I T

Figure 4.6: Syntax Tree of Sentence with Noun Phrase

mantic representations of two words: 7 "& and £%4%, and two labels: goal and property.
The next step is to traverse up the tree from its leaves. In the left branch with word % ",
the parent has label property, so we use Op3 to combine their logical forms, as shown in

(4.13).

APAxXe.property(x,e) A P(z)@Mx. % % (z)@ny
(4.13)

= Xe.property(ny,e) A & *a(ny)
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APAxAe.goal(x,e) N P(x)@\x.property(ny, z) A 7 %a(ny) A 255 () @ng
= Ae.goal(ng, e) A property(ny, ng) A % Ha(ni) A 255k (ng)
7
op3 _.’

op3

/ - -

APAQAx.P(x) A Q(x)@)\e.prope;ty(nh ) A T % (ny)@e. 25 (2)
= \z.property(ny, z) A & ¥a(ny) A 25k ()

APz Ae.goal(x,e) N P(x)

op4 o
- __opl
APz e.property(z,e) A P(x)@A . % % (x)@n, goal op4d
= Xe.property(ni,e) A 7 %a(nq) NP N
I AR Az 25k (1)
o op4 & op3+~ ‘

\ e 3
SAPAzAe.property(x,e) A P(x) Rl prl(i%)ael:)rty };f:f o }

SAL R B(T) - T L J AT X5RN ()

Figure 4.7: Semantic Construction for Noun Phrase

In the right branch with word % g%, the label of the parent is HEAD, so we use Op2 to
pass the semantic representation to the parent. In the next step, we traverse up to the root.
Since the root has two children, and they all have their own semantic representations. We
need to use Op4 to combine their semantic representations first. We use the logical form
APAQAz.P(z) A Q(x) to combine the semantics in two branches, shown in (4.14).

APAQAx.P(z) A\ Q(z)@Ae.property(ny, e) A & "a(ny) @Az 2558 (x) @14

= \x.property(ny, z) A & "a(ny) A 2558 (x)

After we combine the semantics in these two branches, we have not finished this procedure
yet. Since the root has the thematic role goal, we need to use Op3 to combine the result of

(4.14) with the logical form of the thematic role at root. This operation is shown in (4.15),
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and it produces the final result of logical form of this NP.

APz Ae.goal(x,e) N P(x)@Ax.property(ny, ) A 7 % (ny) A 2558 (x)@ns
(4.15)

= Xe.goal(ngy, €) A property(ny,ng) A 7 %a(ny) A 2558 (ng)
With this logical form, we can combine it with other nodes in the syntax tree in Figure 4.6,
and generate the final result (4.16).

‘| (ng) A agent(ng, e) A F=(e)
(4.16)

A goal(ng, €) A property(ny,ng) A 7 %a(ny) A 258 (ng)

Notice that the formula property(ni, nq) is not the so-called Neo-Davidsonian semantic

representation, because the argument n, does not represent an event.

4.3.4 Semantic Construction for DE Phrase

In Chinese, the word 7 (DE), is a functional word that links a noun to an entity to
represent the owner of the entity, or links a noun or adjective to an entity to represent the
property of the entity. For example, in (4.17a), the DE word represents that the computer
is the father’s computer, and in (4.17b), the DE word represents that the computer is the

latest computer.

i & (father) ¢1(DE) % "% (computer) (4.17a)
# #7 (latest) <7 (DE) & *% (computer) (4.17b)

When a DE word exists in a sentence, we need to notice that we should not create its
semantic representation as a redundant atomic formula. For example, the sentence (4.18)

has the word .

‘| B (XiaoMing) 3= (play) § § (father) 97 (DE) 7 *& (computer) (4.18)

The syntax tree of this sentence is shown in Figure 4.8. In order to build the logical

form without redundant atomic formula of the DE word, we can treat the DE word as the
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S

7 T

agent  Head goal
NP vC2 NP
| T
Head = property Head
Nba N_# Nab
| o
head  Head
s e =R
I Nab DE % °®
i g g

Figure 4.8: Syntax Tree of Sentence with DE

preposition mentioned in Section 4.3.2. By adopting the same method in Section 4.3.2, we

can build the logical form of the DE phrase: § § % & (father’s computer), as shown

in (4.19).

A2

Ae.goal(ng,e) A § § (ng) A property(ng,nz) A 7 %a(nz) (4.19)

Then, with this logical form, we can generate the logical form of syntax tree in Figure 4.8,

and the final result is shown in (4.20).

‘| P (n1) A agent(ng, e) A I=(e)
(4.20)

A & § (no) A property(ng,n2) A T %a(n2) A goal(ns, e)

4.3.5 Semantic Construction for Embedded Sentence

In some cases, a sentence can be embedded within another sentence. This phenomenon
is called embedded sentence. For example, the sentence (4.21) contains an embedded

sentence: -] P! I 7 & (XiaoMing plays computer).

‘| & (XiaoHwa) 5 (see) | P (XiaoMing) 3= (play) % *a (computer) (4.21)

The CKIP Chinese Parser can generate the syntax tree of this example, as illustrated in

Figure 4.9, and the tag of the embedded sentence is S. We can also build the logical form of
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S

7 T

agent  Head goal
NP VE2 S

/‘\

Head P agent  Head goal
Nba i NP V(2 NP
‘ | |
- Head . Head
/J‘ 3 T

Nba - Nab

o B i LI

Figure 4.9: Syntax Tree of Sentence with Embedded Sentence

this syntax tree by the following procedure. First, we build the semantic representation of
the embedded sentence, and this process can be done if we use the algorithm in Figure 4.3.
However, in this case, we should not use the operation Op5 to terminate the procedure.
The resulting logical form is shown in (4.22). In the next step, we use the procedure shown

in Figure 4.10.
Ae.agent(ny,e) A -] B (ny) A F=(e) A goal(na, e) A T a(na) (4.22)

At the beginning, we initialize the semantics of the role goal by Op1, and then we use Op3

to combine the semantics of the role and the embedded sentence, as shown in (4.23).

APAzXe.goal(x,e) N P(x)
@Ae.agent(ny,e) A -] F' (ny1) A 32(e) A goal(na, e) A T Ha(ng) @es

= Xe.goal(es, €) N agent(ny,es) A -] B (ny) A 3=(e2) A goal(ng, ea) A 7 *&a(ns)
(4.23)

Notice that we replace the variable e in (4.22) by the variable e, during the operation of
Op3, since the verb in the embedded sentence is not the same as the verb in its parent.

After constructing the logical form in (4.23), we can combine it with its parent sentence
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in Figure 4.9, and generate the final result (4.24).

| #(ng) A agent(ng, e1) A 7 (e1) A -l B (n1) A agent(ng, ez)
(4.24)

A Fe(ea) A T Ha(na) A goal(nag, ea) A goal (e, e)

APAzxXe.goal(x,e) A P(x)@Ae.agent(ny,e) A -] (ny) A 3=(e) A goal(ng, e) A T a(na)@es
= Ae.goal(ey, e) A agent(nq, ez) A -] B (nq) A 3=2(ea) A goal(ng, ez) A & *a(n2)

T+

op3 .7

goal opl
S
opl-4
IR  Ae.agent(ny,e) A -] P (ny) A 3=(e) A goal(ng, e) A 7 Fa(ns)

Figure 4.10: Semantic Construction for Embedded Sentence

4.3.6 Semantic Construction for Negation

If a negation word exists in a sentence, the semantic representation of this sentence
should be negated. For example, the sentence in (4.25) contains a negation word i< 7§
(not).

‘] P (XiaoMing) iX 3 (not) = (play) (4.25)

The syntax tree in Figure 4.11 shows that the thematic role of the negation word iZ 3 is

negation. We can build the semantics of this sentence by the procedure demonstrated in
Figure 4.12. In the first step Op1, we should not initialize the semantics of the negation
word. Then, we traverse up from the leaves and use Op2 and Op3 to pass and combine the
semantics in other nodes. When we reach the root of tree, before we use Op4 to combine
the semantics, we check the number of children containing the role of negation. If the
number is odd, we add the sign of negation to the semantic template in Op4, as shown in

(4.26), otherwise, we do not add the sign of negation.

APAQXe.—(P(e) A Q(e)). (4.26)
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S

T

agent  negation  Head

NP Dc vC2
S

Head o _

Nba = -

,J. FIE

Figure 4.11: Syntax Tree of Sentence with Negation Word

APAQMe.—(P(e) A Q(e))@Ne.agent(ng, e) A -] B (ng) @Ax.3=(x)
= Xe.= (7] P (ng) A agent(ng, e) A\ ¥=(e))

op4 .7\
(// \\\\\—,,,, op4
APAze.agent(z,e) A P(z)@Ax. ] P (z)@ng T
= Xe.agent(ng,e) A -] F* (ng) S .
2 op4 I opd “
LS Az.3%(z)
“/ " opl agent negation Head i
APXx)e.agent(x,e) N P(x) « NP De Ve . 3
op3 \ op3 op2 3
// l 1
AT JAF]Q (z) - II{\I?: el = .32 (x)
3 op2 P
| : op2
‘ opl
Az

Figure 4.12: Semantic Construction for Negation

Then, we use this template to combine the semantics from the child nodes, as shown in

4.27).

APAQNe.~(P(e) A Q(e))@Ne.agent(ng, €) A -} F* (ng)@Az.32(z) 427)
= Xe.= ("' P (ng) A agent(ng, e) A 3=(e)) |
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To complete this procedure, we use Op5 in the last step, and the resulting semantic repre-

sentation is shown in (4.28).

=(0] P (ng) A agent(ng, e) A 3=(e)) (4.28)

Double Negation

S

N

agent  negation  negation  Head

NP Dc Dc VvC2
]
Head 2 L
= * B2
Nba f 7

,J\ FIB

Figure 4.13: Syntax Tree of Sentence with Double Negation Words

The reason why we check the number of children containing the role of negation is
that it is possible to have more than one negation word in a sentence. For example, in

(4.29), this sentence contains two negation words: ;X 3 (not) and % (not).
] B (XiaoMing) iX 3 (not) # (not) ¥= (play) (4.29)

This situation results in two children with negation roles in the syntax tree, as illustrated
in Figure 4.13. Since the node S contains two child nodes with negation roles, in Op4, we
do not need to add the sign of negation to the template. As a result, the resulting semantic

representation will not contain the sign of negation, as shown in (4.30).

‘| B (ng) A agent(ng, e) A 3=(e) (4.30)
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4.3.7 Semantic Construction for Coordination

If a sentence contains a coordinating word, we should use logical operator to represent
the meaning of the coordinating word. For example, in (4.31), this sentence contains the

coordinating word g (or).

| B (XiaoMing) 3= (play) & "& (computer) £ (or) + #% (cell-phone) (4.31)

The syntax tree of this example is shown in Figure 4.14. We build the semantic repre-

S
agent  Head goal
NP vVC2 Nab

| e

Head = DUMMY1 Head DUMMY?2
Nba Nab Caa Nab
] o A )

Figure 4.14: Syntax Tree of Sentence with Coordinating Word

sentation of coordinating subtree by the procedure shown in Figure 4.15. The first step is
Opl, but we should not initialize the semantics of coordinating word in this step. Then
we traverse up from other leaves and adopt Op2 to pass the semantics. When we reach
the root of this subtree, we check the tag of child whose role is H EAD. If the tag is Claa,
it means that the head word is a coordinating word. Then, we check whether the meaning
of the word means conjunction or disjunction. In this case, the meaning of word % (or)
means disjunction. Before we use Op4 to combine the semantics from both children, we

need to use Op3 on both children respectively, as shown in (4.32).

APAzXe.goal(x,e) A P(x)@Ax. T %a(z)@(n,)
(4.32a)

= Xe.goal(ny,e) N\ T a(ny)
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APAQMXe.(P(x) V Q(z))@Ae.goal(ny, e) A & %5 (ny)(z)@Ae.goal(ng, e) A+ 5 (ny)
= de.((goal(ny,e) A & %a(n1)) V (goal(ng, e) A + #(ng)))

___ op4 opd
APAxXe.goal(z,e) A P(x)@Ax. % % (z)@(n1)  APAx)e.goal(x,e) A P(x)@Ax.+ #(x)@(n2)
= Xe.goal(ny,e) A T %a(ny) = Ae.goal(ng, e) A =+ 18 (n2)

op3  __-----_  __----___ op3 2

- =

APAer.goai(x, e) A\ P(x)

op3'

goal
Nab

. . .
DUMMY! Head DUMMY2 &~ B(@)
Nab Caa Nab j

[

" op2

Az g () < T % & L4 A ()

“ | op2
) |

op2 ;-

Figure 4.15: Semantic Construction for Coordination

APXzx)e.goal(x,e) N P(x)@A\x.+ % (x)@(n2)
(4.32b)
= Xe.goal(ng, e) A+ 5 (ny)

After this operation, we use the template (4.33) that contains disjunction in Op4 to combine

the semantics between the two child nodes.

APAQAx.(P(z) V Q(x)) (4.33)

The operation to combine semantics in Op4 is in (4.34).

APAQMNe.(P(z) V Q(z))@Ae.goal(ny, e) A 7 %a(ny)(z)@Ae.goal(ng, e) A+ #%(n2)

= Xe.((goal(ny,e) A & "a(ny)) V (goal(ng, e) A + #(ny)))
(4.34)

In the end, we can use the result of (4.34) to build the semantic representation of the

example in (4.31). The final result is in (4.35).

‘P (ng) A agent(ng, e) AFe(e) A ((7 %a(ny) A goal(ny, e)) V (£ #(n2) A goal(ng, €)))

(4.35)
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4.3.8 Concluding Example

At the end of this section, we demonstrate the capability of our algorithm by con-
structing the logical form of an example. This example contains all the circumstances

mentioned above. This example is shown in (4.36).

/|- & (XiaoHwa) #? (to) I+ & (classmate) 3 (say) I £2FT (next class) 7 (DE)

/| A (XiaoMing) # (not) 3= (play) % *& (computer) §= (and) + # (cellphone)
(4.36)

The syntax tree of this example is shown in Figure 4.16. The logical form constructed

S
agent target Head goal
NP PP VE2 S
Head Head DUMMY . agent negation Head goal
Nba P63 NP NP Dc  VC2 NP
L E Head property Head DUMMY1 Head DUMMY2
) Nab N_eh Nba - Nab Caa Nab
head Head
L | & o 4
% Neb DE P EEC I L
IR REFT e

Figure 4.16: Syntax Tree of Sentence in Concluding Example

from this syntax tree is in (4.37).

‘| #(n5) A agent(ns,e) A\ 5 (ng) A target(ng, e) A 3#.(e) A =(Fe BEFL(ng)
A property(ng,ny) A -] B (nqy) A agent(ny, ex) A F=(ea) A & "a(ng) (4.37)

A goal(ng, ez) A + 5 (ny) A goal(ng, es)) A goal(es, €)
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4.4 Knowledge Resources

Before we introduce the RTE Engine, we need to introduce the knowledge resources
first. There are two types of knowledge resources in our implementation. They are lexical
semantics and distributional semantics. In this work, we do not adopt ontology as the

knowledge resource, and the reason is discussed in Section 5.3.2.

4.4.1 Lexical Semantics

We use the Chinese WordNet [57] as Chinese lexical knowledge resource. Chinese
WordNet is a Chinese version of WordNet. In Chinese WordNet, each word is linked to
one or more lemmas, and each lemma has one or more senses. For example, the word fj
(gou3) is linked to two lemmas, J3 ', and Jj 2. The lemma 53 ' has nine senses, including
canis familiaris, one of the Chinese Animal Zodiac, someone who is despicable, etc. The
sense canis familiaris has a synonym + (quan3). These semantic relations are shown in

Figure 4.17.

4.4.2 Distributional Semantics

We use the Chinese Latent Semantic Analysis (Chinese LSA) Website [58] as the
knowledge source of distributional semantics. It calculates the value of LSA from the
Sinica Corpus [37]. There are several parameters available to be adjusted, such as compar-
ison type: Term-to-Term or Term-to-Document, dimensions of vector space, Language:
Traditional Chinese or Simplified Chinese, etc. For example, if we want to compare the
semantic similarity between two pairs of words: = §F (teacher), #E# (instructor) and &
EF (teacher), %3 EF (doctor). We set the comparison type as Term-to-Term, dimension as
300, and Language as Traditional Chinese. The result is shown in Table 4.1, and the se-
mantic similarity between teacher and instructor is stronger than the semantics similarity
between doctor and teacher, as expected. Hence, it is possible to use the Chinese LSA

Website to check whether a pair of words is similar to each other or not.

49



has_lemma has_lemma

has_sense has_sense
has_sense

has_sense

proper
noun,

canis
familiaris

one of the
Chinese
Animal

Zodiac

someone
who is
despicable

last name

as_synonym

Figure 4.17: Example of Semantic Relations in Chinese WordNet

Pair of Words Cosine Similarity
X EF (teacher), #F¥ (instructor) | 0.291650605182
€ FF (teacher), ¥ f* (doctor) | 0.0233063926297

Table 4.1: Example of Semantic Similarity

4.5 RTE Engine

In order to solve the RTE problem, first, we need to convert both T and H into logical
forms. The RTE Engine takes the logical forms of T and H of the RTE problem as input,
and returns the result of whether T entails H. For example, if we want to solve the RTE
problem in (4.38), we need to convert it into logical forms (4.39).

T | P (XiaoMing) # (at) _(home) Z= (play) 7 *& (computer) 438)

H |7 (XiaoMing) ¥= (play) & "% (computer)
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T ] P (ng) Aagent(ng,e) N 7Lna) A location(nsg, e)
AF=(e) A & "a(ny) A goal(ny, e) (4.39)
H ] P (ng) A agent(ng,e) A 3=(e) A T *a(n1) A goal(ny,e)
In some cases, extra knowledge is required to solve the entailment of T to H. For example,
in (4.40), the logical form of extra knowledge K (4.41), is required to solve whether T

entails H.

T | sentence | (XiaoMing) % (at) R(home) 3= (play) & ¥= (computer game)
logical form | -] F (ng) A agent(ng, e) A F{ns) A location(ns, e)

AFe(e) A & F32(ny) A goal(ny, e)

H | sentence | B (XiaoMing) = (play) & # (computer)

logical form | - F? (ng) A agent(ng, e) A 3=(e) A T # (n3) A goal(ns, e)
(4.40)

K : #32(n) A goal(ny, e) — % # (n3) A goal(ns, e) (4.41)

The RTE Engine, will automatically construct the logical form of required knowledge K.
By using the knowledge resources, the correctness of K can be validated.

The architecture of the RTE Engine is illustrated in Figure 4.18. The first step is to
check whether we need to add extra knowledge or not, and this process is done by the
Knowledge Builder. If extra knowledge is not required, we use the theorem prover to
prove whether ' — H is true or false. Otherwise, if extra knowledge is required, the
Knowledge Builder will build the logical form of required knowledge K. Then, we use
the Knowledge Validator to check whether the required knowledge in logical form K
is valid. If K is valid, we use the theorem prover to prove the truth of 7' A K — H.
Otherwise, we drop the logical form K, and use the theorem prove the truth of 7" — H.

We will elaborate on this procedure in the following paragraphs.

4.5.1 Knowledge Builder

The task of the Knowledge Builder is to check whether it is required to add extra

knowledge or not. If the extra knowledge is required, it builds the logical form of required
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Input: Logical Forms

Knowledge Builder

Logical Forms of Re-
quired Knowledge

Knowledge Built
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Knowledge Validator

Knowledge
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Corpus (Chinese
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Is the Knowledge
Correct?

Drop the Logical Forms
of Incorrect Knowledge

Theorem Prover —

Figure 4.18: Architecture of RTE Engine
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input : T,H
output: K

1 K = Array();

2 for word win'T do

3 if w not in H then

4 if w is verb then

5 v =verb in H;

6 add w — vto K;

7 else if thematic role of w is in H then

8 r = thematic role of w;

9 v = word in H with thematic role r;

10 addwAr—vArtoK;

11 end

12 end

13 end

Figure 4.19: Algorithm for Knowledge Builder

knowledge. In this work, we use a very simple algorithm to check and build the logical
form, and this algorithm is shown in Figure 4.19. In this algorithm, line 1 initializes
the array K for storing the logical forms of required knowledge. In line 2-13, we use a
for loop to check whether the word in w is in H or is not in H. The conditions related
to this loop can be categorized into several cases, and the corresponding examples are in

Table 4.2.

Case 1 In line 4, w satisfies the condition that w is not in H, we check whether w is a
verb or not. If it is a verb, it belongs to this case. For example, in Table 4.2a, the verb
3= (play) in T" is not in H. In order to make that 7" entails H become true, we need to
add a logical form of extra knowledge indicating that the verb in 7" entails the verb in H.
The logical form of this extra knowledge, k1, is in (4.42). It defines that the verb = in T’
entails the verb = (play) in H, and it makes 7' A k; — H become true. In this case, we

need to add k; into array K.

ki :3=(e) = # (e) (4.42)

Case 2 In line 7, w satisfies the condition that w is not in H, and w is not a verb. We
check whether the thematic role of w is in H or not. If the thematic role is in H, it belongs

to this case. For example, in Table 4.2b, the word & 3= (computer game) in 7" is not in H,
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sentence
logical form

I (XiaoMing) % (at) R(home) 3= (play) & ¥= (computer game)

p
P (no) A agent(ng, e) A 7d{ns) A location(na, e)

sentence
logical form

sentence
logical form

M (XiaoMing) 17 (play) ¥ = (computer game)
P (ng) A agent(ng,e) A #7(e) A & F=(ny) A goal(ny, e)

(a) Case 1

gk
g
NFe(e) A T 32(ny) A goal(ny, e)
g
g

M (XiaoMing) % (at) 7 (home) 3= (play) % ¥= (computer game)
P (ng) A agent(ng, e) A FLny) A location(na, €)

sentence
logical form

sentence
logical form

M (XiaoMing) = (play) 7 # (computer game)
P (ng) A agent(ng,e) A 3=(e) A & # (n3) A goal(ns, €)

(b) Case 2

g
g
NF=(e) A & F=(ny) A goal(ny,e)
g
g

M (XiaoMing) Ff % (yesterday) 3= (play) % "% (computer)

M (no) A agent(ng,e) A Ff % (n3) A time(ns, €) A 3=(e)

sentence
logical form

sentence
logical form

T (XiaoMing) % (at) R(home) 3= (play) & *% (computer)
P (ng) A agent(ng, e) A FLna) A location(na, €)
=(e) A & "a(ny) A goal(ny,e)

(c) Case 3

g

g

AT m(nl)/\goal(nl, e)
g

g

A\

I (XiaoMing) % (at) R(home) Z= (play) & ¥= (computer game)

3
P (ng) A agent(ng, e) A 7d{na) A location(na, e)

sentence
logical form

7 (XiaoMing) 4= (play) & # (computer game)
P (ng) A agent(ng,e) A 47(e) A T & (n3) A goal(ng, e)

(d) Case 4

]
g
AF=(e) A 7 F2(ny) A goal(ny, €)
g5
‘]

sentence (XiaoMing) = (play) & *& (computer)
logical form (ng) A agent(ng,e) A ¥e(e) A 7 %a(ng) A goal(nl, e)
sentence (XiaoMing) % (at) .(home) = (play) & "& (computer)

logical form

I
‘|
ga
] B (ng) A agent(ng, e) A 7d{na) A location(na, e)
NF=(e) A & "a(ny) A goal(ny,e)

(e) Case 5

Table 4.2: Example in Checking for Missing Knowledge
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but its thematic roles goal is in H. We can build the logical form of extra knowledge, k-,
to make 7' A\ ky — H become true. The extra knowledge is shown in (4.43). It contains
the word & 3= in T, its thematic role goal, and the word ¥ #> (computer game) in H that

has the same thematic role. In this case, we need to add k- into array K.

ko : & 32(n1) A goal(ny,e) = & ¥ (n3) A goal(ns, e) (4.43)

Case3 Ifwisnotin H, and does not satisfy the if and else if condition in line 4 and line
7, logical form of extra knowledge is not required to add to K. For example, in Table 4.2¢c,

the word Ff = (yesterday) in 7 is not in H, and its thematic role is not in H, too.

Case 4 After running the for loop in line 2-13, it is possible that we need to add more
than one logical form of extra knowledge into the array K. For example, in Table 4.2d, we
need to add both %, in (4.42) and ks in (4.43) into K, to make T' A ky A ko — H become

true.

Case 5 Also, it is possible that K is empty. If K is empty, we do not need to add any

logical form of extra knowledge. For example, in Table 4.2e, every word in 7" are in H.

4.5.2 Knowledge Validator

After the logical forms of required knowledge are built by Knowledge Builder, since
we do not know whether the knowledge of these logical forms is correct or not, we need
to validate their correctness. In this system, the Knowledge Validator can validate the
correctness of the knowledge. The algorithm for the Knowledge Validator is shown in
Figure 4.20. The input of the Knowledge Validator is the array K'in, which is the array
K produced by the Knowledge Builder, and the output is K out, which stores the valid
logical forms that can be delivered to the Theorem Prover to solve whether 7" entails H.
In line 1, we initialize Kout as an empty array. In line 2-12, we validate every logical
form of knowledge & in array Kin. If k is valid, we add it into Kout. In line 3, we

extract the pair of words from the knowledge k. For example, in the logical form of
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input : Kin
output: Kout
1 Kout = Array() ;
2 for kin Kin do

3 w1, w2 = words in k;

4 valid = False ;

5 if checkCwn(w1,w2) then
6 valid = True ;

7 else if checkCLSA(w1,w2) then
8 valid = True ;

9 end

10 if valid is True then

1 add k to Kout;

12 end

13 end

Figure 4.20: Algorithm for Knowledge Validator

knowledge (4.43), we extract two words, wl = 7. 3¢ and w2 = 7 #. The word w1 is
the word on the left hand side of symbol —, and w2 is the word on the right hand side.
In line 4-12, we check whether £ is valid by two functions: checkCwn and checkC LS A.
These two functions take the two words w1 and w2 as input, and check the validity of the
knowledge by checking the semantic relation between w1 and w2. The semantic relation
can be obtained from the Chinese WordNet and the Chinese LSA Website, respectively.
After checking the validity, these two functions will return true if it is valid; otherwise,
return false. If £ is valid, we add k to Kout. We will introduce these two functions in the

following paragraphs.

checkCwn

This function checks the validity of knowledge by the Chinese WordNet (introduced
in Section 4.4.1). In this function, we check whether w1 entails w2 by checking whether
w2 1s the hypernym or synonym of w1, or not. If one of the senses of w1 is the hypernym
or synonym of w2, the function will return true to indicate the validity of this knowledge.
Hence, if w2 is the hypernym or synonym of w1, this knowledge is valid. Otherwise, it
is not valid. For example, in Figure 4.17, if wl = f§ and w2 = *, the word Jj has

three senses, and one of these senses has synonym ~+ , and this function will return true to
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indicate the validity of this knowledge. However, since a word can have multiple senses,
it is possible that we will choose a wrong sense and generate an incorrect result. We will

discuss this issue in Section 5.3.2.

checkCLSA

For some cases, we can’t find the semantic relation between w1 and w2 in the Chinese
WordNet, so we need to check its validity from other resources. This function checks the
validity from the Chinese LSA Website (introduced in Section 4.4.2). The value return
from this website is not the semantic relation between w1l and w2, but a numerical value
of semantic similarity. For example, given wl = % 3= and w2 = % #, the semantic
similarity between w1l and w2 is 0.606751983694. However, we do not know whether
this numerical value is higher enough to indicate that w1 entails w2. We need to compare
the numerical value with a predefined threshold. The value of the threshold is chosen by
try-and-error. Given lots of pairs of hypernym and synonym words, we found that the
desirable threshold is around 0.1. If the semantic similarity is larger than 0.1, it is possible
that w2 is synonym or hypernym of w1, and this function will return true to indicate the

validity of this knowledge.

4.5.3 Theorem Prover

As described earlier in Section 4.5, we prove whether 7" entails H by using the theorem
prover to prove 7" — H. If the array K is not empty, it means that extra knowledge is
required to complete the proof. In this situation, we use the theorem prover to prove the
logical form in (4.44).

TA(CN k) — H. (4.44)

kiEK
In this logical form, we provide the logical forms of extra knowledge to theorem prover
by making the conjunction of all the logical forms of extra knowledge k; in K with 7T". The
theorem prover adopted by this work is the theorem prover in the python nltk module [59].

In the python nltk module, two types of theorem prover are provided: TableauProver and
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ResolutionProver. The algorithm in TableauProver is tableaux algorithm, introduced in
Section 2.4.1, and the algorithm in ResolutionProver is resolution algorithm, introduced
in Section 2.4.2. Also, the python nltk provides the interface to an external theorem prover:
Prover9 [60]. Prover9 is a resolution/paramodulation automated theorem prover for first-
order and equational logic. According to our experiment, both TableauProver and Prover9
can solve the problems in reasonable time, while ResolutionProver takes longer time to
solve the problems. However, in this work, we only care about whether the problems can

be solved successfully, and the runtime is not the main concern for the present work.
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Chapter 5

Implementation Issues

In this chapter, we discuss some situations in which our implementation can’t solve the
RTE problem successfully. There are several situations that our system will failed to solve
the RTE problem. First, the syntax tree from the CKIP Chinese Parser can be erroneous.
Second, the Semantic Constructor may not be able to construct the semantic representation
of some specific words. Third, given the correct logical form, the RTE Engine may not
solve the RTE due to several reasons. In the following sections, we will discuss these

situations in more detail.

5.1 CKIP Chinese Parser

The CKIP Parser produces a syntax tree with thematic role labeling, that enables the
semantic construction of Neo-Davidsonian semantic representation. However, there are
some limitations about this parser. These limitations place a restriction on applying our

work to real-world application. We elaborate on these limitations in the following sections.

5.1.1 Error in Syntax Tree

It is possible that the syntax tree generated by the CKIP Chinese Parser is incorrect,
especially when parsing long sentence in real-world text. We categorize these errors into

two types: error in Chinese word segmentation, and error in syntax tree construction.
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Error in Chinese Word Segmentation

Unlike English, when processing Chinese text, we need to segment it before parsing.
Then, we can build the syntax tree from the result of segmentation. However, when the
result of segmentation is wrong, the syntax tree build from this result will not be correct.
In real-world text, it is likely to have wrong segmentation when proper noun exists in the

sentence. For example, we randomly select a sentence from news, as shown in (5.1).

B2 A EN - EMA KRR PGk (5.1)

The correct segmentation result of sentence (5.1) is shown in (5.2).

w25 [ ER - MA| KR | AP S (5.2)

However, the segmentation result from CKIP Chinese Parser is not correct, as shown in
(5.3).
W x| S RER [ - E [ MA| KR | AP (5.3)

The word 2 # £ < (accuse Ye Shi-wen) in (5.3) should be split into two words: £

(accuse) and £ £ < (Ye Shi-wen), as shown in (5.2). Since £+ < (Ye Shi-wen) is a
proper noun, and it is likely to get an incorrect segmentation. If we use the wrong result of
segmentation to build the syntax tree, the tree is also incorrect, as illustrated in Figure 5.1b.
Comparing to the correct syntax tree in Figure 5.1a, the head words and the goal/theme
NP subtrees are different in both trees. It shows that a minor error in segmentation can
have a larger impact while building syntax tree. The input of the CKIP Parser accepts both
unsegmented text and segmented text. If we want to reduce the error of segmentation, it is

also possible to use other application for segmentation or manually do the segmentation.

Error in Syntax Tree Construction

In some cases, although the result of segmentation is correct, however, the syntax

tree is wrong. There is lots of ambiguities in the grammar of natural language; hence, it
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S

] T

agent time  evaluation  Head goal

NP Dd Dbb VC2 NP

Head N . a property  quantifier  property  property  Head
Naea 7 v Nb DM Naeb Nac Na
te = e - % MA kik APk

(a) Syntax Tree after the Correct Segmentation

S
agent  time Head theme
NP Dd VHI13 NP
Head X 5 property  quantifier = property  property  Head
Naea Nb DM Naeb Nac Na
> +EE - % MA kKim AP

(b) Syntax Tree after the Incorrect Segmentation

Figure 5.1: Syntax Tree after Chinese Word Segmentation

is possible to generate multiple grammatical-correct syntax trees from a single sentence.
Furthermore, in Chinese, the morphology of verb, noun and adjective are all the same. As
aresult, it is likely to mistake a noun for a verb. For example, the sentence shown in (5.4)

can be correctly segmented, and the result of segmentation is shown in (5.5).

VSR R & N (5.4)

LR #| 22 [ | ke (5.5)

However, the syntax tree constructed by the CKIP Parser is wrong, as illustrated in Fig-
ure 5.2b. Comparing to the correct syntax tree shown in Figure 5.2a, the CKIP Parser
mistakes the word #{ (Hsieh) for a verb, and regards it as the head word of the sentence.

Actually, this word is a noun rather than a verb. Furthermore, in the syntax tree, it is the
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sibling of # 7 R (researcher). In this case, the CKIP Parser constructs the wrong syntax

tree in Figure 5.2b, and its structure is different from the correct result in Figure 5.2a. In

S

agent Head theme

NP VC3l1 NP

T ‘ |

property Head Head

NP Nab 1 Nab
apposition  Head 44 b
Nab Nbe = R

S el

(a) Correct Syntax Tree

S
experiencer  Head goal
NP Vi2 NP

| ‘ — T

Head 4t property  property  Head
Nab f Nab Nv Nab
=3 R x4 by 43

(b) Incorrect Syntax Tree

Figure 5.2: Example of Correct/Incorrect Syntax Trees

order to reduce the parsing error, it is possible to use other Chinese parser to validate the

result of the CKIP Parser. However, in this work, we do not intend to do it.

5.1.2 Restriction on Data Size

The CKIP Parser also has some restrictions on the size of input data. CKIP Parser

can’t process the sentence with more than 30 Chinese words. Also, the online version
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of CKIP Parser cannot process the document with more than 20 sentences. However, in
real-world application, it is common to have a sentence with more than 30 words, or a
document with more than 20 sentences. These restrictions restrict the possibility of using

the CKIP Parser in application of Big Data with the scale of megabytes or gigabytes.

5.2 Semantic Constructor

In this work, we present an algorithm to build semantic representation from syntax
tree. However, some linguistic phenomena are outside the capability of our Semantic
Constructor, including quantifier, anaphora, etc. We need more advance theory of for-
mal semantics and more complex algorithm to construct the semantic representations of
these phenomena. In this work, we only focus on simple RTE implementation, and these

phenomena are outside the scope of this thesis.

5.2.1 Quantifier

Quantifiers are the operators used to bind the variable’s reference to some set of in-
dividuals. Two basic operators in first-order logic are the existential quantifier and the
universal quantifier. In natural language, we can use quantifiers to express the semantics
of the words that indicate quantity. For example, (5.6) contains the words *t 75 (all) and

7 & (some).

“t5 (all) # 4 (student) i i (pass) ¥ :# (exam) (5.6a)
7 & (some) ¥ # (student) i iF (pass) ¥ 3 (exam) (5.6b)

It is possible to use quantifiers to express the semantics of (5.6a) and (5.6b), shown in

(5.7a) and (5.7b) respectively.

Vr.(8 4 (x) Aagent(x,e)) — (i (e) A goal(e,y) N % #FE(y)) (5.7a)

dx.(8 2 (z) Aagent(z,e)) A (3L (e) A goal(e,y) N % 3#F(y)) (5.7b)
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However, when there are multiple quantifiers in a sentence, the scopes of these quantifiers
become ambiguous. For example, in (5.8), there are two quantifiers: + B (every) and —

i (some).

& 1 (every) & # (student) AF’K”ﬁ (have) — ¥ (some) i % (homework) (5.8)

There are two possible semantic representations for this sentence, as shown in (5.9).

Vady. (8 2 (x) A agent(z,e)) = (F (e) A goal(e,y) N T¥¥(y)) (5.92)

V. (8 2 (z) A agent(z,e)) = (F (e) A goal(e,y) N 1T % (y)) (5.9b)

In (5.9a), all the students can have different homework. On the other hand, in (5.9b),
all the students have the same homework. Although it is possible to solve the quantifier

ambiguity by other advanced techniques, however, it is outside the scope of this thesis.

5.2.2 Anaphora

Anaphora is an expression that depends upon another expression in context. For ex-

ample, in (5.10), the pronoun # (he) is an anaphoric expression.

| P (XiaoMing) # (say) # (he) i iE (pass) % # (exam) (5.10)

According to this sentence, we can infer that the word i (he) refers to the person -]
P (XiaoMing). However, it is more difficult to resolve the anaphora if there are several
possible candidates in the context. For example, in (5.11), the pronoun # (he) may be

referred to the person -] B (XiaoMing) or -|- # (XiaoHwa).

/| # (XiaoHwa) 5 42 % (look) {% (very) % % (happy)
(5.11)

|+ P (XiaoMing) # (say) # (he) i i (pass) ¥ & (exam)
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It requires additional information to solve the anaphoric phrase, such as syntactic infor-

mation and common-sense knowledge. Also, it is outside the scope of this thesis.

5.3 RTE Engine

In this work, we use the Knowledge Builder to build the logical forms of required
knowledge from input logical forms, and we use the Knowledge Validator to validate the
correctness of the required knowledge. However, there are many cases whose logical
forms of required knowledge can’t be built, or their required knowledge can’t be correctly

validated. We will elaborate on these situations in the following paragraphs.

5.3.1 Knowledge Builder

Since we use an extremely simple algorithm to build the logical forms of required
knowledge from input logical forms, however, in several cases, the logical forms of re-
quired knowledge can’t be built by our algorithm. We give some examples of these situ-

ations and explain why our algorithm is unable to build them.

Building Knowledge from Different Semantic Roles

Although the thematic roles from the CKIP Parser enable the construction of Neo-
Davidsonian semantic representation, in some cases, the mismatch of thematic roles be-
tween T and H makes the Knowledge Builder unable to build the logical form of required

knowledge. For example, in (5.12), the syntax trees of this example are shown in Fig-

ure 5.3.
T: | PR M eRk
(5.12)
H J A I ?_‘ L
Then, we use these syntax trees to build logical forms in (5.13).
T: ] (ng) Aagent(ng,e) AF=(e) A & %a(ny) A property(ny, ns)
AZEREN (n2) A goal(ng, e) (5.13)

H: |'P(ng) Aagent(ng,e) A3e(e) A & *a(ny) A goal(ny, e)
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If we use the algorithm in the Knowledge Builder to construct the logical forms, we will

get the logical form K in (5.14).

K : #%55% (no) A goal(ng, e) = & a(ny) A goal(ny,e) (5.14)

In fact, the word 7. *% (computer) in H should be aligned to the word . "% in T, and
should not be aligned to the word ¥% g% (game) in 7. However, the CKIP Parser will

assign different roles to same word 7 4.

S S
agent  Head goal agent  Head goal
NP vC2 NP NP vC2 NP
| T | |
Head property  Head Head Head
Nba - Nab Nac Nba - Nab
i GV P T
(a) Syntax Tree of T (b) Syntax Tree of H

Figure 5.3: Syntax Trees of Example (5.12)

Building Knowledge from Multiple Words

In some cases, the synonym pair between 7" and H may span to multiple words. For
example, in (5.15), the synonyms between 7" and H are 7. *&¥%% (computer game) and

% & (computer game).
T: | P IRT PalFph
(5.15)
H: |pPrgx
However, if we use the CKIP Parser to build the syntax tree, and convert it into logical

form (5.16), the word & *& %% (computer game) is split into two words: 7. *& (computer)
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and ¥%% (game).

T: ] (ng) Aagent(ng,e) AF=(e) A & "a(ny) A property(ny,ng)
AZERES (ng) A goal(ng, e) (5.16)

H: ' P (ng) A agent(ng,e) A 3=(e) A & 3=(n3) A goal(ns, e)

If we use the algorithm in the Knowledge Builder to construct the logical form of required

knowledge, we will get the logical form K in (5.17). It only contains £%4% in 7.

K . 255%(ng) A goal(ng, e) — & 3=(n3) A goal(ns, e) (5.17)

However, the logical form of required knowledge K’ should contain both words & *& and

%% in T, as shown in (5.18).

K': % %(ny) A property(ni,ng) A 2554 (ng) A goal(ng, ) — & F=(ng) A goal(ns, e)
(5.18)

Building Knowledge of Non-Action Verbs

For some non-action verbs, they have special meaning or function in the sentence. For

example, in (5.19), this example contains the word #_(is), and it represents the state of

being.
T: 843P 4=y
(5.19)
H: 3 |pEg4
This example can be converted into logical form in (5.20).
T &2 (no) Napposition(no,m) A %71 I (m) Aagent(m, e) A 5%(c)
AR "a(ne) A goal(ng, €) (520,

H: 2]/ (ng) Atheme(ni,e) N E(e) N & 2 (ng) A range(ng,e)
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In this case, we require the logical form of knowledge K in (5.21) to solve the entailment
problem.

K : 54 (no) Aapposition(ng,ni) A 2 -] P (ny) — (5:21)

2] P (ny) Atheme(ny,e) A E(e) N & 2 (ng) A range(ng, e)
However, this logical form can’t be easily built, we do not intend to implement the algo-

rithm to build these kinds of logical form in our system.

Building Knowledge of Complex Concept

In some real-world cases, the structure of syntax trees can be very complex. To build
the logical form of required knowledge, we need to consider the relationship spreading
between several nodes in the syntax trees. Since the logical form is constructed from
syntax trees, the logical form can be very complex. As example in (5.22), the syntax trees
of this example are shown in Figure 5.4.

T: §Ew UF T R RERSR P
(5.22)

H: 7 E2XFFH- S FoPrb@dadge
We build the logical forms of this example, as shown in (5.23).

T: 4 & (ng) A property(ng,ny) A i?? (n2) A agent(ng, e) A B %% (nq)
Aproperty(ny, ng) A FEFkH-(n3) A theme(ns, e) A B Z(e)

H: 4 #(ng) A property(ng,ns) A £ Z_F (n2) A property(na, ny)
A% = 3(ns) A property(ns,ny) A+ F (na) A agent(ng, e) A B (ny)

Aproperty(ni,n3) A 3H(ng) A location(ns, e) A & i7 (e)
(5.23)

In this case, we need to add the logical form of external knowledge K (5.24), about the

concept between the words B 4%, # {7 (hold), % - 3#- (first) and +* F (game).

(5.24)
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However, the algorithm in the Knowledge Builder cannot build such complex knowledge,
we need to manually build it. Moreover, in this case, the thematic roles of the word &
1?2 are different in H and in 7, so we have the problem of building knowledge from

different semantic roles, discussed in the previous section.

S
agent theme Head
NP PP VL2
property  Head  Head DUMMY o
Nd Na P21 NP T
o o
Head
rx v . property
7 TRE H Nba Ncb
FiEE EEH
(a) Syntax Tree of T’
S
agent location Head
NP PP VC31
property property property Head Head DUMMY g
Ndaba Nac DM Nac P21 NP ‘
| | | | T
. , - property  Head
7 t 'i% L g * % B Nba Ncb

TRk S
(b) Syntax Tree of H

Figure 5.4: Syntax Trees of Example (5.22)

5.3.2 Knowledge Validator

It is possible that the Knowledge Validator will validate the incorrect knowledge in

the logical forms of required knowledge. Also, the Knowledge Validator may drop the

69



correct one. In the following sections, we discuss the situations when the Knowledge
Validator makes mistakes. Finally, we discuss the reason why ontology is not adopted as

the knowledge resource in this work.

Chinese WordNet

There are some situations that our Knowledge Validator will make mistakes when
using the Chinese WordNet[57]. Also, the current version of Chinese WordNet has its

limitation while using it.

Multiple Word Senses In this work, the function in the Knowledge Validator, checkCwn,
checks the relations of synonym and hypernym from all senses of w1. Since a word can
have multiple senses, it is possible to choose the wrong sense. For example, to solve the

problem in (5.25), we need to check whether 4= (play) and # (beat) is synonym or not.

T : -] (XiaoMing) #= (play) 3% (ball)
H: -] P (XiaoMing) 4% (beat) 3% (ball) (5.25)

T — H=FALSE

The word 4= has multiple senses. In this example, the sense of = is play, and #: is not the
synonym or hypernym of this sense. However, the word 4= has another sense beat, and
#: (beat) is the synonym of this sense. In this case, the function checkC'wn will return
true, making the knowledge of this logical form valid. However, the actual validity of this
knowledge is false. Although it is possible to choose the correct sense by word-sense dis-
ambiguation [61], however, in the research of natural language processing, it is a difficult

task. In this work, we did not implement the process of word-sense disambiguation.

Coverage of Chinese WordNet It is possible to find a word that is not in the Chinese
WordNet. For example, the word & & (computer game) is not in the Chinese WordNet.
In this situation, it does not mean that the knowledge is invalid and we should not drop

out the logical form of this knowledge, since the coverage of the Chinese WordNet is very
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low. In this work, we use the Chinese LSA Website to handle this situation. It is also

possible to use other resources of lexical semantics with wider coverage.

Chinese LSA Website

Since the semantic similarity from the Chinese LSA Website[58] is calculated by co-
sine similarity. It is not robust enough to decide whether the semantic relation between a
pair of words is synonym, hypernym or not. It is possible that a pair of words with similar
context but different meaning will have a higher value of cosine similarity. For exam-
ple, the cosine similarity between the word % E# (teacher) and the word & # (student)
is 0.301413361635, higher than the cosine similarity between the word - F# (teacher)
and the word #E7 (instructor), whose value is 0.291650605182. However, the semantic
relation between - i and #FF is synonym, but the meaning of % f# and & 2 is differ-
ent. Hence, it is possible to make a mistake when taking - f# and § 2 as synonym by
cosine similarity. In this work, we only use the Chinese LSA Website. It is possible to use
larger corpus to get more robust result, but it takes more computational resources. Also,
it is possible to choose different measurement of semantic similarity other than cosine

similarity.

Ontology

There are some reasons why we do not adopt ontology as the knowledge resource.
First, although ontology can be converted into description logic, however, in order to in-
tegrate these logical forms into the knowledge built by the Knowledge Builder, we need to
convert description logic into the semantic representation of Neo-Davidsonian semantics.
Second, since ontology is a knowledge resource of world knowledge, not lexical knowl-
edge, hence, we need a mapping to map every lexicon to ontology. As a result, we do not
use ontology in this work. However, in the future work, it is possible to integrate ontology

into our framework.
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Chapter 6

Experiment, Result and Discussion

The purpose of this experiment is not going to show that our system is able to compete
with other existing methods, such as machine learning, but to demonstrate the capabilities
and limitations of our system by giving some examples of how our system can (or cannot)
solve the RTE problems. This experiment can be categorized into two types: experiment
on simple test cases and the RITE test cases. The simple test cases are the test cases manu-
ally created, and the RITE test cases are the test cases from the NTCIR RITE Competition
[50]. These test cases are created from real-world text, such as digital newswire corpus.
After running these test cases, we discuss the reason why our system is able to (or fail to)

solve these problems.

6.1 Experiment on Simple Test Cases

The evaluation of computational semantics in English can be done by the FRACAS
test suite. The data in the FRACAS test suite is designed for evaluating semantic repre-
sentations, and can minimize the errors in the stages before semantic construction, such
as syntactic parsing. However, there is no such test case for computational semantics in
Chinese. Hence, we manually create the test cases for this purpose. The test cases are
created to test the different situations that our semantic constructor and RTE Engine can

(or can’t) handle.
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6.1.1 Simple Test Cases: Success

We manually create the test cases to demonstrate that these test cases can be solved

by our system successfully. The test cases are shown in Table 6.1. In this table, each

ID | Text | T1 entails T2 | T2 entails T1
Basic Case
Tl | #2477 284w
1 - T Fal
T2 | F 2 55 %k e alse
Prepositional Phrase, Noun Phrase and DE Phrase
Tl | =475 =28 & iF#
2a VAR EE TR N True True
TL | 7~ $F3F &40
2 T T
IR I i i rue rue
Embedded Sentence
T1 ﬂiﬁ%*’Pﬁ%L’f; A - 4
3 T2 | &= «‘L’f‘-ﬁ H e EiE A ;Lq—_,gﬁ True False
Negation
TL | 7= T} & % ik
4a VIR R TR SR I True False
Tl | #~> 52y 284 0#
4 T T
M IERE Rt £ it rue rue
Coordination
Tl | F2fFapFrfes 284 FHE
Sa VIR EE W ET Y = True False
Tl | =47 & l‘%fﬁé%;ﬁ*f_
5b VIR R A TSR EE I T True False
External Knowledge
Tl | 7~ FF3F &7
6a VIR True True
DRSS EX 3L
6 - : T T
2 e oE e e

Table 6.1: Simple Test Cases: Success

test case contains two text fragments: T1 and T2. We want to use our system to check
whether it can prove the entailment relationship between T1 and T2 or not. The golden
results of whether T1 entails T2 and T2 entails T2 are listed in the last two columns. Case
1 is the Basic Case. The logical form of this case can be created by the basic semantic
constructing algorithm in Section 4.3.1, without any special treatments of Prepositional
Phrase, Negation or Coordination. The other cases contain some phenomena for special

treatments to constructing the semantics, including prepositional phrase, noun phrase, DE
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phrase, embedded sentence, negation and coordination. Also, some of these cases require
external knowledge to be solved. We will elaborate on how our system can solve these

test cases in the following paragraphs.

Basic Case

Case 1 is the Basic Case. This case can be solved by converting it into the logical

forms in (6.1).

T1: = $F(no) A agent(ng,e) A & % (ny) Atime(ny, e) A& % (e) (6.1
la
AT (ng) A theme(na, e)

T2: 42 4 (ng) A agent(ng, e) N\ & % (e) N i&#(na2) A theme(na, €) (6.1b)

Then, we can use the theorem prover to prove that 7'1 — T2 is true and 72 — T'1 is false.

Prepositional Phrase, Noun Phrase and DE Phrase

Case 2a contains the prepositional word # (in) in 72. In Chinese, the word # (in)
can be ignored in this case. We use the method in Section 4.3.2 to convert both 7'1 and 72
into logical forms, which are the same as 7'1 in (6.1a). Then, the theorem prover solves
that 7’1 — 72 and T2 — T'1 is true.

Case 2b contains the word 77 (DE) in 72. In Chinese, the word 77 (DE) can also be

ignored in this case. Hence, the semantic representations of 7'1 and 7'2 are the same.

Embedded Sentence

Case 3 contains embedded sentences in both 7'1 and 72. We use the method in Sec-
tion 4.3.5 to construct the logical forms of sentences with embedded sentence. In this case,
we have two different verbs: # * (hope) and 2= == (establish), and the variables for their

events are e; and e; respectively. The logical forms of this case are shown in (6.2). After
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constructing the logical forms, we can use the theorem prover to solve this case.

T1: = 4 (no) A experiencer(ng,e) A% % (e) A I & (ng) A agent(ns, é2)
NiE 2 (e9) A B 2 (ng) A possessor(ny,ng) A * 2 (ny) A property(ns, ny)

AT (ng) A theme(ng, ea) A goal(ea, e)
(6.22)

T2: 4 = $F(ng) A experiencer(ng,e) A % ¥ (e) A Ir & (n3) A agent(ng, es)
NE 2 (eg) A A A (ng) A property(ng,ng) A TF 5 (ng) A theme(ny, es)

Agoal(eq, €)
(6.2b)

Negation

Case 4a contains the negation word /X 5 (not) in both 7'1 and 72. We can use the
method introduced in Section 4.3.6 to convert the sentences with negation words into
logical forms, as shown in (6.3). Since (6.3a) is the negation of (6.1b), and (6.3b) is the
negation of (6.1a). We also know that, if A — B is true, =B — —A is also true. So, in

this case, 71 — T'2 is true, and we can use the theorem prover to prove that.

T1: =(# = 4 (no) A agent(ng, e) A% % (€) A iww#(ng) A theme(ng,e))  (6.3a)

T2: =(# = 47 (ng) A agent(ng,e) A 5 = (n1) A time(ny,e) A% % (e) (6.3b)
s H(n2) A theme(ns, €)) '

Case 4b contains double negation words /X 5 (not) and # (not)in 7'1, so they cancel

each other. The resulting logical form of 7'1 is the same as 72.

Coordination

Case 5a contains the coordinating word §= (and) in 7'1. The meaning of {= (and) is
conjunction, so the semantic representation of the word {fr (and) is the logical operator A,

and the logical form of 7'1 is in (6.4). The logical form of 72 is the same as (6.1a), and
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we can use the theorem prover to solve that 71 — T2 is true, and 72 — T'1 is false.

T1: = 4 (no) A agent(ng,e) A Ff % (n3) Atime(ns,e) A 5 % (ny) 64)

Atime(ny,e) A% % (e) N i@ #(n2) A theme(na, e)

Case 5b contains the coordinating word ¢ (or) in 72. The meaning of £ (or) is
disjunction, we can use the same method in Case Sa to solve this problem, and the semantic

representation of 2 (or) is the logical operator V. The resulting logical form is in (6.5).

T2: = 4 (no) A agent(ng,e) A ((FE = (n3) A time(ns,e)) V (5 = (ny) 6.5)

Ntime(ny,e))) A& % (e) A\ F#(ng) A theme(ng, e)
External Knowledge

Case 6a requires external knowledge. We construct the logical forms of 7'1 and T°2.

T'1 is the same as (6.1b), and 72 is in (6.6), respectively.

T2: 42 $F(ng) A agent(ng,e) A& % (e) N i&w#H(ng) A theme(ng, e) (6.6)

The Knowledge Builder builds the logical forms of required knowledge of this case. If
we want to prove that 7'1 entails 72, we need (6.7a). If we want to prove that 72 entails

T'1, we need (6.7b).

K1: @#(n2) Atheme(ng,e) — i##.(ng) A theme(ng,e) (6.72)

K2: ##.(n3) Atheme(ns, e) — i #(n2) A theme(ng,e) (6.7b)

Both of them can be validated by the Knowledge Validator. The Knowledge Validator can
find that the word ;% ## (speech) is a synonym of the word ;i 3% (speech) in the Chinese

WordNet. Hence, both K1 and K2 are valid.

Case 6b is similar to the Case 6a. The Knowledge Validator needs to validate the
required knowledge by searching whether the words %5 4 (doctor) and %5 EF (doctor)

are synonym or not. However, the semantic relation between these two words are not in
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the Chinese WordNet, so we need to calculate their semantic similarity from the Chinese
LSA Website. The result is 0.619 and that is higher than the threshold 0.1. Therefore, the

required knowledge is valid.

6.1.2 Simple Test Cases: Failure

We manually create the test cases to show that our system can’t solve these test cases
successfully. These test cases are shown in Table 6.2. Due to the reasons discussed in
Chapter 5. Our system may fail to solve the problems due to several reasons, including
errors or exceptions in the CKIP Parser, Semantic Constructor, Knowledge Builder and

Knowledge Validator. We will elaborate on how our system failed when solving these test

cases.
ID | Text | T1 entails T2 | T2 entails T1
Error in the CKIP Parser

Tl | FEFRFFF>FF 404

EVINY £8 R EE e True False

Exception in Semantic Constructor

TI [ %7F F BB R R

2 T s T Fal

YT < - R R R e e

Tl | 7~ fFi e & 238

2 — - T T

[T Fe i & 58 e rue
Exception in Knowledge builder

Tl | F~>fFE o < R F I FEF

3 T2 | 7o FAKEFRATE True False

Error in Knowledge Validator

Tl | 7~ e Ew

4a VAR R e =g False False
Tl | 7~ T FE

4b VIEEEZE 28 False False

Table 6.2: Simple Test Cases: Failure
Error in the CKIP Parser

Case 1 cannot be parsed correctly by the CKIP Parser. The resulting syntax tree of
T'1 in this case is in Figure 6.1a. This syntax tree is wrong due to some reasons. First,

the segmentation is wrong because the proper name # < 47 (Ko Wen-Je) is split into two
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tokens: # (Ko) and <= 47 (Wen-Je). Second, the third child and fourth child of node S

should be merged into a child. The correct syntax tree is illustrated in Figure 6.1b.

Exception in Semantic Constructor

Case 2a contains the word #773 (all), the semantic representation of this word is the
quantifier V. However, we have no algorithm to construct quantifier (see Section 5.2.1) in

logical form. The theorem prover cannot prove that 7'1 entails 772.

Case 2b contains the pronouns # (he)and p ¢ (-self), and these pronouns will result
in anaphora. The logical forms constructed by Semantic Constructor did not express who
refer to the pronouns i (he) and p ¢ (-self). Hence, the theorem prover can’t prove the

entailment in this case.

Exception in Knowledge Builder

Case 3 contains two noun phrases: = = (NTU) *#3% (affiliated) %5 % (hospital) and
# % (Teaching) ¥ F= (hospital). The logical forms of this case are in (6.8).

TL: 7= 4 (no) Atime(no, €) A &e) A & * (n2) A property(na, ng) A it (ns)

NF Fx(n1) A theme(ny, ng) A predication(ns, ns) A § £F (ns) A range(ns, e)
(6.8a)

T2: 47~ 47 (ng) Atime(no, e) A 2 (e) N FF (ng) A property(ng,ni) A § F(n1)

Aproperty(ni,ns) A F ¥ (ns) A range(ns, )
(6.8b)

To solve this case, we require the logical form of knowledge in (6.9) to establish the entail-
ment between the two noun phrases. However, as discussed in Section 5.3.1, our Knowl-
edge Builder is unable to build the logical form of knowledge of noun phrases containing

multiple words.

v * (n2) A property(nz, nz) A '3 (ng) A § Fe(ni) A theme(ny, ns) 6.9)

— %% (ng) A property(ng,ny) A %5 F(ng)
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theme Head

range complement
NP V2 NP VP
Head . apposition Head Head theme
Nab ! NP NP VC31 NP
‘ N N ‘ |
b property  Head  property  Head P Head
VP Nab Nbc Nad %  Nad
o | |
Head , . s
VE2 i b v I g
i
(a) Wrong Syntax Tree
S

T T

theme Head

complement
NP V2 VP
| T
Head . Head goal
Nab f VE2 S
| S
L agent Head theme
w5 b NP VC31 NP
T ‘ |
apposition  Head P Head
Nab Nb  * % Nad
il Ll k=
(b) Correct Syntax Tree

Figure 6.1: Syntax Tree of T1 in Case 1
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Error in Knowledge Validator

Case 4a needs extra knowledge to prove the truth of entailment. The Knowledge

Builder builds the logical form of required knowledge of this case, as shown in (6.10).
K: #(e) = ®(e) (6.10)

The Knowledge Validator can validate this entailment because one of the senses in lemma
#7 is synonym of the word #* (rate). Thus, the theorem prover will prove the entailment
between 7’1 and 72 is true. However, the sense of #= in this sentence is fight, which
is different from the sense of ™ (rate). This knowledge should be invalidated, and the
entailment between 7'1 and 7'2 should be false.

Case 4b is in the similar situation as in Case 4a. The required knowledge that the
word 4']’35 4 (doctor) entails 3£ 2 (nurse) should be invalidated. However, the Knowledge
Validator will validate this knowledge by the Chinese LSA Website. Since the seman-
tic similarity between %5 4 (doctor) and ## 4 (nurse) is 0.67, which is higher than the

threshold 0.1.

6.2 Experiment on RITE Competition Test Cases

We use the test cases of Traditional Chinese Multi-class subtask in the NTCIR RITE
Competition [50]. The test cases of RITE are obtained from real-world text. The multi-
class classification is to classify a pair of text 7'1 or 72 into one of the five categories
considering entailment direction, paraphrase and contradiction. The labels in the MC test
cases are the following:

F: forward entailment (7'1 entails 72 and 7'2 does not entail 7'1).

R: reverse entailment (72 entails 7'1 and 7'1 does not entail 7'2).
B: bidirectional entailment (7'1 entails 7'2 and 7'2 entails 1'1).
C

: contradiction (7’1 and 72 contradict, or cannot be true at the same time).

ol

independence (otherwise)
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To classify whether the label of a test case is F, R and B, we use the theorem prover to
prove whether 7'1 — 72 and T2 — T'1. To classify whether the label is C or I, we prove

whether T'1 — —T2. If the result is true, the label is C; otherwise, the label is 1.

6.2.1 RITE Test Cases: Success

This experiment is not designed to show that what percentage of test cases can be
solved correctly, but to demonstrate the procedures of how some test cases can be suc-
cessfully solved by our system. These cases are listed in Table 6.3. The column ID is the

class id in NCTIR RITE dataset. We categorize them into four classes: Without External

ID \ Text \ Label
Without External Knowledge
130 |11 + B F A EE A e A d F
T2 | FEF LR d
With External Knowledge
Tl | % & 3 2t 2mdri
Tz B K p P Eri B
Negation
45 T1 | ] A% — 282001 # g1 p X H A ER C
T2 | /] A s - 282001 # A g f¥ p X E B ER
Independence
4 TL | A2 @ £ 2He s dpRERES T I
T2 | Aedr & 2 3fd < e o &

Table 6.3: RITE Test Cases: Success

Knowledge, With External Knowledge, Negation and Independence.

Without External Knowledge

Case 130 contains the coordinating word {= (and) in 71, and we can build the seman-
tics of fr (and) as conjunctive operator A. The resulting logical form is in (6.11). Then,
the theorem prover can prove that 7'1 entails 72 and 7'2 does not entails 7'1; hence, this

case can be classified as F.

T1: +3 K (ng) Aagent(ng,e) A L 5&(e) A B 3x(ng) A * H#(ng) A goal(ng, n3)

Agoal(ng,e) A & i (ny) A property(ni,ng) A 32 (nyg) A goal(ny, €)
(6.112)
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T2: =+ 55 (n2) Aagent(ng, e) A 3 5% (e) A A 2 (1) A property(ny, ma) (6.11b)

AR (ng) A goal(ng, e)

With External Knowledge

Case 66 requires external knowledge. First, we build the logical forms of both 7'1 and

T2, as shown in (6.12).

T1: % m(ny) Atheme(ny,e) A 312 (e) A 22 (ng) A property(ng, nz)

(6.12a)
AP (ng) A range(nsg, €)
T2: % & (ny) Atheme(ni,e) A %k p (e) A 22 (ng) A property(ng, no) (6.12b)

AZih (ng) A range(na, )
Then, the Knowledge Builder creates the logical forms of required knowledge K1 and K2
in (6.13).
Kl: 3 E(e) = kp(e) (6.13a)

K2:%kp(e) = 412 (e) (6.13b)

The Knowledge Validator can validate both (6.13a) and (6.13b) from the Chinese LSA
Website, and the semantic similarity between ! ¥ (originated from) and * p (come
from) is 0.184, which is higher than the threshold 0.1. The theorem prover can prove

T1 A K1 entails T2, and T2 A K2 entails 1’1, and this case can be classified as B.

Negation

Case 45 contains a negation word in 7'2. When we convert it into logical form, the

semantics should be negated. The logical forms of this case are in (6.14).

T1: ] % (ng) A property(ng,ns) A % — %8(n3) A theme(ns,e) A 2001 # (ny)
Atime(ng,e) A g% (e) A B R & (n1) A property(ny, ns) A 3% (ny)

Aproperty(ns, ns) A i& B (ns) A range(ns, e)
(6.14a)
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T2 : =(°] % (ng) A property(ng,n3) A - 38(n3) A theme(ns,e) A 2001 # (ny)
Atime(ng, e) A\ §i8(e) A B XK (ny) A property(ni, ns) A 4% (ng)

Nproperty(ng, ns) A i B (ns) A range(ns, e))
(6.14b)

Notice that (6.14b) is the negation of (6.14a). Then, we use the theorem prover to prove
that 7’1 does not entail 7'2 and 72 does not entail 7'1. Also, the theorem prover can prove

that T'1 entails —7'2, so this case is classified as C.

Independence

Case 4 contains a pair of unrelated text. To classify this case, we build the logical

forms in (6.15).

T1: % (ng) Aproperty(ng,ng) A = & (ng) A theme(ng, e) A E_(e)

A 23 (ny) A location(ny, ns) A B (ng) A degree(nag, ns)

(6.152)
A= (ns) A property(ns, n7) A ##&(ns) A property(ns, nr)
A& (ng) A property(ng,ny) A = @ (ng) A range(nz, e)
T2 : #cdi(nig) Atheme(ni,e) A E(e) A 23k (ny) A property(ny,ny)
AB(n2) A degree(ng, ns) A *~ (ns) A property(ns, nr) (6.15b)

NG R (ng) A property(ng,ny) A = @ (ny) A range(nz, e)
The theorem prover proves that 71 does not entail 7’2 and 72 does not entail 7'1. Also, it

proves that 7’1 does not entail =72, so this case is classified as 1.

6.2.2 RITE Test Cases: Failed by Discussed Issues

In this section, we give some examples to show the causes of why our system failed to
solve them. As expected, our system failed by some issues, and these issues are discussed
in Chapter 5. These examples are in Table 6.4, and we will elaborate on the reasons for

failure in the following paragraphs.
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ID | Text | Label
Error in the CKIP Parser
Tl | A fEEE g2 A
W T Err s L K
Exception in Semantic Constructor
34 Tl | FRA AL EFp A= B e 2 N
T2 | #73 Pp A R SR E A R AL
Exception in Knowledge Builder
24 T1 #ﬁ%%i{ﬁ@_ézﬂ?_}%#hf‘tﬁﬂ& B
T2 | # s &1 8 5 Bdr kg - g+ B2 s
Exception in Knowledge Validator
41 Tl | | A M- tend § FF AR E LR .
T2 | /| & - ek 23 | & & %98
Table 6.4: RITE Test Cases: Failed by Discussed Issues
Error in the CKIP Parser

Case 413 has segmentation error in 7’1, and the resulting syntax tree is wrong, as
illustrated in Figure 6.2a. Comparing to the correct syntax tree in Figure 6.2b. The wrong
syntax tree has segmentation error in the words % (people) and £ (call), and the head

word of the syntax tree is not = (as) but F (call).

Exception in Semantic Constructor

Case 234 contains the quantifier 73 (all) in 72. However, as discussed in Sec-
tion 5.2.1, we did not implement the algorithm to construct the logical form with quanti-

fier.

Exception in Knowledge Builder

Case 24 has a noun phrase containing multiple words: 7 = (first) = # (success)
¥ ¢ (climb on) ¥ # % (Everest) 57 (DE) % (people) and 3 (has) % 4 (record) 14 %
(since) % — = (first) & + (climb on) & * # (Everest) =57(DE) % (people). However, as
discussed in Section 5.3.1, our Knowledge Builder can’t build the logical form of required

knowledge of noun phrases with multiple words. Hence, this case can’t be solved.

&5
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) T

theme Head range
NP V_12 NP
/\ /\
apposition  Head . property Head
Nad Nb " N_DE Nac
| | <
head  Head :
- R ¢
e & Nab DE
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(a) Incorrect Syntax Tree
S
agent  Head goal
NP VE2 S
| T
Head . theme  Head range
Nab NP V.12 NP
‘ | T
i Head v property Head
Nb " N_DE Nac
| s
52 head  Head B
Nab DE
[ 2z

(b) Correct Syntax Tree

Figure 6.2: Syntax Tree of T1 in Case 413
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Exception in Knowledge Validator

Case 41 needs extra knowledge to solve. The Knowledge Validator needs to validate

the entailment between & ¥ (elder son) = ¥23 (elder son), but it is not in the Chinese

CWN. Moreover, the word & ¥ (elder son) is not in the corpus of the Chinese LSA

Website. Therefore, it can’t calculate the semantic similarity between these two words.

6.2.3 RITE Test Cases: Failed by Other Issues

In the previous section, we discuss the causes why our system failed, and these causes

are discussed in Chapter 5. However, it is possible that our system failed by other reasons

we have not discussed. We analyze some of them, and give some examples of them in this

section. These examples are shown in Table 6.5.

ID | Text | Label
Antonym
341 |LL| " AR PR R C
T2 | = A&t e pf A 7 R
Time Expression
381 | L1 +bf;ﬁ<i Hoddi-Eo T2 C
T2 | 5 21996 # 7 7 5 p ftygeaed o
Mathematics
VR s PR O B vl Ap et > e &
219 T BT RS D A2 - B
T2 | AR &b fBoxeh- § CARET Zam 2 o
Sentence with Comma
Ty | 1960 # 127 5 G442 P2 e 1961 & 17 g % &
6 L i=as TS F
T2 | 1960 # 5 # 4+ R xip 2 1 & 4]
Idiom
I X 2IRMIEEEY AR @R AR 2
73 R e Hopk ut * C
™ «E REHRE R AR AN OFER oS i ko
X FFB %E/EH:'Z“ F&g "~
Table 6.5: RITE Test Cases: Failed by Other Issues
Antonym

Case 341 requires extra knowledge to solve. The theorem prover can prove that 7'1

does not entail 72 and T2 does not entail 7'1. Since the label of this case is C, we need
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to prove that 7’1 entails —=7"2. We need to have the extra knowledge that the word & ¢
(enemy) is the antonym of the word 4% }} = (friend). Since we only consider hypernym

and synonym in our Knowledge Builder, this situation is outside the scope of this work.

Time Expression

Case 381 contains two time expressions in 7’1 and 72. Theyare” - 4 4 = &= ? &
= P”(223.1997) and ”1996 & 7 " 5 p ”(7.5.1996). The formats of time expressions
are different. If we want to solve this problem, we need to convert them into the same
format. Also, the semantic representation should be able to express the time expressions.

However, it is outside the scope of this work.

Mathematics

Case 219 contains two numerical terms ” = 4 2. - ”(half,%) and ” & 1 ”(twice,2)
in T'1 and 72. Since the word half(%) is of a fractional number, and its reciprocal is 2.

Solving this problem requires the reciprocal operation.

Sentence with Comma

Case 6 contains a sentence with two segments divided by a comma ” > ” in 7'1. The
subject in the sub-sentence in the right-hand side of the comma is implicitly the same as the
subject in the left-hand side of the comma. The resulting semantic representation should

have the same subject, too. However, we did not handle this situation.

Idiom

Case 73 contains the idiom ;& % B < (indifference) in 7'2. To solve this, we need to
know that the meaning of the idiom ;- 7 B .~ is contrary to the phrase # * % (focus

on).
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Chapter 7

Conclusion

During the experiment, we demonstrate how to construct the logical forms and how
to solve the RTE problems. After this experiment, we know that some problems can be
solved by our system, while others can’t be solved. In this section, we will make a brief
summary of our work, and compare our work with other previous works. We show the
pros and cons of our system from the two aspects: Chinese computational semantics and

Chinese RTE.

7.1 About Chinese Computational Semantics

In this work, we present a new technique to convert Chinese raw sentence into logical
form. First, the raw sentence is parsed by the CKIP Chinese Parser. Then, the resulting
syntax tree is converted into Neo-Davidsonian semantic representation. We use a straight-
forward algorithm with five operations to build the logical form. For some special words,
such as DE, prepositions, coordination and negation, we slightly adjust those operations
to construct the semantic representations related to these words. However, there are still
other semantic expressions that we have not implement in the Semantic Constructor, such
as quantifier or anaphora, which require more advanced theory in formal semantics to
express their semantics. We compare our work with other previous works.

Comparing to the previous work Chen and Wu [36], first, they adopt a rule-based

parser and can only parse limited sentences in the Sinica Balanced Corpus [37]. Our work
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can build logical form from any grammatically correct sentence in Chinese. We achieve
a wider coverage semantic constructing algorithm comparing to theirs. Second, they im-
plement the generalized quantifier theory [38] and their work can express the semantics
of quantifier. However, our work is incapable of building the semantics of quantifier. The
expressiveness of logical form in our work is weaker than theirs. Third, their work has no
evaluation, but we present a method to evaluate the semantic representation by an RTE
experiment.

Comparing to the previous work Zhang and Zhang [34], first, their work can also
converts raw sentence into logical form, but they adopt the Davidson semantic represen-
tation without thematic roles. The semantic representation in our work has thematic roles.
Hence, we have the richer semantic information in logical form. Second, their work ex-
tracts external knowledge from knowledge resources, HowNet [35]. Our work uses an
algorithm to build the required knowledge in logical form according to input text, and
validate the knowledge by external knowledge resources. By this method, we can avoid
to build the logical form of unnecessary knowledge, but some required knowledge of log-
ical forms are outside the capability of our Knowledge Builder. Third, they use the task
of question answering to evaluate their system, and we use the RTE task. Both of the

methods are effective to demonstrate the capabilities of the systems.

7.2 About Chinese RTE

We present a formal logic method to solve the tasks of Chinese RTE. First, we present
an algorithm to solve the Chinese RTE problems by converting the input text into logical
form, and construct the logical form of required knowledge. The required knowledge is
constructed according to the input logical forms, and can be validated or invalidated by
external knowledge resources. Then, we use the theorem proving algorithm to prove that
whether the entailment is true or not. To the best of our knowledge, up to the present, our
work is the only work that uses formal logic method to solve the Chinese RTE tasks.

We compare the pros and cons of our work with other previous Chinese RTE works

adopting machine learning techniques. There are two limitations in our system. First, our
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work can only solve the RTE cases with simple sentences successfully, and can only solve
relatively few cases in the RITE competition. Due to the errors in the CKIP Parser, Seman-
tic Construction, Knowledge Builder and Validator, these errors can be propagated through
each stage, resulting in a huge limitation of our work to solve the test cases correctly. In
contrast, machine learning technique is not susceptible to the errors in any stage. Second,
to build semantic representation and the logical form of required knowledge, our system
need to build them case by case, since there is no general algorithm to solve all the cases
without any exception. On the contrary, with machine learning technique, implementing a
simple model is enough to solve all the cases. However, the strength of our system is that
we do not need to use any training data to train our system. We can directly calculate the
truth of whether T entails H. By comparison, machine learning techniques require huge
amount of training data to achieve the accuracy of classifying the truth. Most important
of all, our work gives a perspective of solving the RTE problem with the spirit of natural
language understanding. We use the semantic representation and external knowledge to

make the machine understand the meaning of these test cases.
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Chapter 8

Future Works

This is the first time that we do research on the topic of computational semantics and
natural language understanding. Our system can serve as a framework for our further
research on this topic. In the future, we will proceed to improve our system and we hope
that our system can be used in the real-world application. We point out some perspectives

for future research.

8.1 Chinese Word Segmentation and Parsing

The precision of the Chinese word segmentation and parsing are crucial to our work
to successfully solve the RTE task. We will search for more accurate Chinese word seg-
mentator and parser. Also, we will try to improve the precision of word segmentation and

parsing by some plausible methods.

8.2 Semantic Construction

In the future work, we need to enhance the expressiveness of our semantic represen-
tation. We can use generalized quantifier theory [38] to construct the semantics of quan-
tifier. Also, we can use discourse representation theory [62] to construct the semantics
with anaphora. With this theory, it is possible to solve the RTE case with numerous sen-

tences or even an entire article. Moreover, we can construct the semantics about temporal
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expression and mathematical expression. With the enhanced expressiveness, our system

can handle more cases in the RITE test case.

8.3 Reasoning Algorithm

In this research, we employ the theorem proving technique as reasoning algorithm.
However, for the knowledge extracted from distributional semantics, we can’t guarantee
that the knowledge is absolutely valid. If we use abductive reasoning algorithm [49], we

can do reasoning with this kind of ambiguous knowledge.

8.4 Knowledge Resources and Knowledge Construction

In this research, we use a simple algorithm to construct the logical form of required
knowledge from logical form of input text. However, this method can’t construct all the
required knowledge in logical form; hence, more sophisticated algorithm is required. On
the other hand, we can use more diverse knowledge resources. For example, we can use
ontology as knowledge resources for world knowledge. We can also obtain knowledge
from the web corpus. It is feasible to automatically construct knowledge resources from
web data by using machine learning algorithm, such as clustering or distributional seman-

tics. Also, it is possible to obtain the required knowledge from search engine.

8.5 Real-World Application

The most important of all, our research should not be limited to academic world. In
the future, our system should be able to integrate into some real-world applications. Since
RTE can be applied to many real-world applications, such as question-answering system,

search engine, and document summarizing system.
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