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Capturing textual entailment and similarity is one of the most important prob-
lems in natural language processing. This task is related to many applications such
as question answering. To solve this problem, machine learning-based approaches
often use shallow information such as words and characters. However, it is not
clear whether they are capable of accounting for functional meanings such as nega-
tion and quantifier and capturing the whole meaning of a sentence correctly. Con-
versely, logic-based approaches have been successful in capturing functional mean-
ings by using logical semantic representations but their symbolic nature does not
offer graded notions of textual similarity. To achieve advantages over these two
approaches, hybrid approaches have been proposed for learning textual entailment
and similarity. However, a more effective way to combine logic-based approaches
with machine learning-based approaches is desired. In this thesis, I explore a hybrid
approach to capturing semantic relations between two sentences by careful treat-
ment of proof processes. The key idea is that the proof processes reflect some aspects
of semantic textual relations, and they are useful for capturing textual entailment and simi-
larity more precisely. I propose a hybrid approach to learning textual entailment and
similarity by combining shallow features with features extracted from natural de-
duction proofs of bidirectional entailment relations between sentences. I evaluated
my approach with the datasets for two tasks about semantic textual relations: recog-
nizing textual entailment (RTE) and semantic textual similarity (STS). Experiments
showed that my approach outperformed previous logic-based approaches in the STS
task. Furthermore, my approach achieved state-of-the-art performance on the RTE
task. The evaluations indicate that features derived from proof processes are ef-
fective features for learning textual similarity and entailment. The evaluations also
indicate that handling phrase-level semantic relations in logical inference is a crucial
problem in capturing semantic relations between sentences more precisely. To solve
this problem, I propose a phrase abduction mechanism, which detects the lack of
phrasal knowledge in logical inference by the careful management of variable shar-
ing during the proof processes. The experiments showed that the phrase abduction
mechanism compensated for a lack of phrasal knowledge and improved the accu-
racy of logical inference in the RTE task.
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Chapter 1

Introduction

1.1 Prospects of capturing semantic relations

Language is used in everyday life. We use language to communicate with each other.
With the development of information technologies and the availability of large text
datasets, researchers strongly expect that natural languages can be analyzed compu-
tationally. Natural language processing (NLP) is the field that studies how to enable
computers to analyze and understand human languages. In this field, the establish-
ment of a method for calculating whether one sentence is semantically related to
another or not is one of the most important core problems. In this thesis, I consider
how to quantify a semantic relation between sentences computationally.

This core problem is closely related to many NLP applications such as question

answering, information retrieval, and text summarization.

Question answering
This task is to build systems that automatically answer questions asked in nat-
ural languages from text. Given the question “Where was Barack Obama born?”,
the question answering system returns the answer “Barack Obama was born in
Honolulu.” Here, the calculation of a semantic relation between a question and
an answer can be used to validate candidate answers of a question answering
system. Candidate answers can be determined by testing how similar a ques-
tion is to candidate answers, or whether the meaning of a question is included
in candidate answers. Previous studies (Vo, Magnolini, and Popescu, 2015;
Sacaleanu et al., 2008; Harabagiu and Hickl, 2006) have applied the calculation

of semantic relations for question answering systems.
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Information retrieval
This activity is to find material that satisfies an information need from a col-
lection of documents. Recently, retrieval of short texts from a large number of
web documents has become important for many web applications (e.g., web
search and ad matching). Previous works (Clinchant, Goutte, and Gaussier,
2006; Kenter and Rijke, 2015) have used a semantic relation between a target
sentence and a source sentence for information retrieval to evaluate if the re-

trieved document contains the target information.

Text summarization
This task is to create an accurate and fluent summary of a longer text docu-
ment by retaining its important points while avoiding redundancy. Previous
works (Mogren, Kageback, and Dubhashi, 2015; Bentivogli et al., 2009) have
applied measurement of semantic relations between sentences in the text to

the task of text summarization.

In summary, capturing a semantic relation between sentences provides a com-

mon generic framework that can be used by these various NLP applications.

1.2 Task description

1.2.1 Entailment and similarity

In NLP tasks, we can capture a semantic relation between sentences from two points
of view: entailment and similarity. Figure 1.1 depicts the conceptual diagram of these
two kinds of semantic relations.

Consider the semantic relations between the sentences below:

(1) a. The boy sings

b. The man sings

If we judge the sentence (1a) to be true, we also judge the sentence (1b) to be true. In
such cases, we say the meaning of the sentence (1a) entails the meaning of the sen-
tence (1b). In this setting, we capture the meaning of a sentence as a set of possible

interpretations. We consider the semantic relation as if the meaning of the sentence
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(1b) includes the meaning of the sentence (la) as described in the left side of Fig-

ure 1.1. This discrete semantic relation between sentences is called as entailment!.

Entailment (Implication) Similarity (Distance)
ACB d(A, B)

D: The woman sings.
B: The man sings.

B: The man sings. —>e
..—
A: The boy sings.
—p-©
.7

A: The boy sings. C: The girl sings.

FIGURE 1.1: Conceptual diagram of entailment and similarity.

Now let us consider the semantic relation between the sentences (2a) and (2b), in

addition to the semantic relation between the sentences (1a) and (1b):

(2) a. The girl sings

b. The woman sings

We assume the relatedness between the sentence (1a) and the sentence (1b) is the
same as the relatedness between the sentence (2a) and the sentence (2b), i.e., a word
man is a hypernym of a word boy and the same is true of the words woman and girl.
In addition, the meaning of the sentence (1a) comes closer to the meaning of the
sentence (1b) than to that of the sentence (2a). In such cases, we say the meaning of
the sentence (1a) is more similar to the meaning of the sentence (1b) than to that of
the sentence (2a). In this setting, we capture the meaning of a sentence as a vector
in a certain vector space described in the right side of Figure 1.1. We consider the
semantic relation as the distance between the meaning of one sentence and that of

another. This graded semantic relation between sentences is called as similarity.

LAn entailment relation is not limited to the relation between two sentences. Py A...AP, C C
describes that the meanings of sentences P; ... P, entail the meaning of another sentence C, where
the meanings of multiple sentences are described as the meaning of each sentence connected with a

conjunction (A).
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1.2.2 Recognizing textual entailment

Recognizing textual entailment (RTE) is the task of judging whether the meaning of
one sentence entails the meaning of another sentence. This task is one of the most
challenging NLP tasks. RTE was first introduced by Dagan and Glickman (2006)
and developed to evaluate systems for natural language inference. In the main RTE
task, two text fragments are given, and we judge whether one text fragment logically
follows from another text fragment automatically (Dagan et al., 2013).

As an example of an RTE problem, let us consider the following four sentences:

(3) a. Anonion is being sliced by a man
b. There is no man slicing an onion
c. A man is eating onion slices

d. An onion is being cut by a man

The sentence (3a) entails the meaning of the sentence (3d). In other words, if we
assume the sentence (3d) as a hypothesis H and the sentence (3a) as a text T, the
meaning of H can be inferred by a human from the meaning of T, as interpreted in
the context of T. The sentence (3b) contradicts the meaning of the sentence (3d). This
means the context of T does not lead to any conclusion about H. We cannot judge
both the entailment relation and the contradiction between the sentence (3c) and the
sentence (3d). In this thesis, I refer to this condition as neutral.

RTE tasks are usually considered as classification problems concerned with a
two-class classification, i.e., entailment or not (Dagan, Glickman, and Magnini, 2006;
Giampiccolo et al., 2007), or a three-class classification, i.e., yes (entailment), no (con-
tradiction), or unknown (neutral) (Giampiccolo et al., 2008; Bentivogli et al., 2009;
Bentivogli et al., 2010; Bentivogli et al., 2011). The three-class classification is more
complex, and thus it appears to be a major RTE classification. In this thesis, I con-
sider this three-class classification.

Performance of RTE systems is evaluated using gold-standard datasets and eval-
uation metrics. There are four kinds of evaluation metrics used for RTE systems: ac-
curacy, precision, recall, and F1-score. TP (true positives) and FP (false positives) are
the numbers of pairs that have been correctly or incorrectly, respectively, classified
as entailment or contradiction pairs. TN (true negatives) and FN (false negatives)
are the numbers of pairs that have been correctly or incorrectly, respectively, classi-

fied as neutral pairs. TP + FP is the number of all prediction results and TP + FN is
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the number of all correct (gold) labels. Therefore, in RTE, the precision describes the
proportion of positive predictions that are correct, the recall describes the proportion
of positive problems that are classified correctly, and accuracy describes the ratio be-
tween true predictions and total problems. The Fl-score is the harmonic mean of the
precision and the recall. Following previous studies, I use the accuracy as the main

evaluation metric in this thesis.

TP

iSi = — 1.1

precision TP+ FP (1.1)
TP

recall = TP EN (1.2)

accuracy — correctly classified pairs (13)

all pairs

Fl-score — 2. pr?c?sion -recall (14)
precision + recall

1.2.3 Semantic textual similarity

Semantic textual similarity (STS) (Agirre et al., 2012; Agirre et al., 2013) is the task of
capturing a similarity between sentences. This task is one of the most critical tasks
in NLP and information retrieval. STS measures the degree of semantic equivalence
between two sentences. The difference between STS and RTE is that STS considers
symmetric and graded equivalence between the sentences.

For example, let us consider the following two sentences:

(4) a. There are small children

b. There are two children

We cannot judge if the relation between these two sentences is entailment or contra-
diction, while we capture these sentences are similar.

The similarity score is annotated by humans, and its scale is designed to be ac-
cessible by reasonable human judges. Table 1.1 shows one of the annotation guide-
lines (Agirre et al., 2013; Cer et al., 2017). The ordinal scale guides human annotation,
ranging from 0 for no meaning overlap to 5 for meaning equivalence. Intermediate
values reflect interpretable levels of partial overlap in meaning.

As with the evaluation of RTE systems, prediction performance of STS models
is evaluated using gold-standard datasets and evaluation metrics. There are three

major evaluation metrics for STS: the Pearson correlation coefficient 7y, Spearman’s
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Similarity Definition Example

5 The two sentences are completely equivalent, The bird is bathing in the sink
as they mean the same thing. Birdie is washing itself in the water basin

4 The two sentences are mostly equivalent, Two boys on a couch are playing video games
but some unimportant details differ. Two boys are playing a video game

3 The two sentences are roughly equivalent, John said he is considered a witness but not a suspect
but some important information differs/missing.  “He is not a suspect anymore.” John said

2 The two sentences are not equivalent, They flew out of the nest in groups
but share some details. They flew into the nest together

1 The two sentences are not equivalent, The woman is playing the violin
but are on the same topic. The young lady enjoys listening to the guitar

The black dog is running through the snow

0 The two sentences are completely dissimilar A race car driver is driving his car through the mud

TABLE 1.1: Similarity scores with explanations and English examples
defined in Agirre et al. (2013) and Cer et al. (2017).

rank correlation coefficient p, and the mean squared error (MSE) between predicted
semantic textual similarity scores y; and gold scores x;. The definitions of these
evaluation metrics are as follows: d; is the pairwise distances of the ranks of the

variables x; and y;, and 7 is the number of sentence pairs.

S -9 s
Y~ o oy o (19

_ 6y d;
P = 1- 7’[(1’[2—1) (16)
MSE = % i(yi — x;)? (1.7)

i=1
1.3 Problem statement

How can we calculate a semantic relation between sentences computationally? For

example, consider a semantic relation between the following two sentences:

(5) a. Thereis no child sawing logs in the park

b. No boy is cutting wood outside

In this sentence pair, we judge that the sentence (5a) entails the sentence (5b). We
also judge they are similar sentences. To make these judgements about entailment
and similarity, we assume lexical meanings of content words or phrases. In this
example, child and boy have a hyponym relation. “sawing logs” and “cutting wood” are
paraphrases. Meanwhile, we assume functional meanings of logical or functional
words, e.g., the meaning of the phrase including negation “There is no A ...” is

equivalent to the meaning of the phrase “No Ais ...”.
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As I described above, words can be divided into two broad categories of mean-
ing: content (lexical) words and logical or functional words. In English grammar,
content words are called as open classes and logical or functional words are called
as closed classes (Jurafsky and Martin, 2009). Open classes are those that are con-
tinually coined. For instance, the class of nouns is potentially infinite, since it is
continually being expanded as new scientific discoveries are made, new ideas are
explored, and so on. Due to this characteristic of open classes, lexical meanings of
open classes are generally defined in dictionaries or lexical databases. There are four
major open classes that occur in English: nouns, verbs, adjectives, and adverbs.

By contrast, closed classes are those that have relatively fixed members. For ex-
ample, prepositions (e.g., in, of) are a closed class because there is a fixed set of
them in English; new prepositions are rarely coined. Functional words are gram-
matical words (e.g., of, it, and), which tend to be very short, occur frequently, and
play an important role in grammar. Logical words are words whose meanings can
be described with logical operators, such as negation and quantifier. Both functional
and logical words compose semantic structures and thus the functional meanings of
closed classes are sensitive to syntactic structures.

In summary, to calculate a semantic relation between sentences computationally,
we should consider how to represent and calculate the meanings of sentences which
is determined by the interactions between the lexical meanings of content words and
the functional meanings of functional or logical words.

To analyze the meanings of sentences computationally, there are mainly two ap-
proaches to representing the meanings of sentences: vector representations and log-
ical formula representations. In the former approach, the meanings of words in a
dataset are represented by vectors and the meanings of sentences are learned by a
supervised model trained with the dataset. Semantic similarity between sentence
vector representations is calculated by the inner product between them. This ap-
proach is called a machine learning-based approach. In the latter approach, the
meanings of sentences are represented as logical formulas and a semantic relation
between the logical formulas is directly calculated by using logical inference. This
approach is called a logic-based approach.

In machine learning-based approaches, vector-based sentence representation mod-
els have been widely used to compare and rank words, phrases, or sentences us-

ing various similarities (Wong and Raghavan, 1984; Mitchell and Lapata, 2010; Le
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and Mikolov, 2014). Recently, neural network-based sentence representation mod-
els (Mueller and Thyagarajan, 2016; Hill, Cho, and Korhonen, 2016; Yin and Schiitze,
2017) have been proposed for learning textual entailment and similarity. These mod-
els achieved high accuracy in learning textual entailment and similarity by training
from large datasets. However, these machine learning-based approaches often use
shallow information, such as words and characters, and it is not clear whether they
can account for the functional meaning of logical words such as negation and quan-
tification.

To describe this problem, let us consider the meaning of the following sentence

pair:

(6) a. Tom did not meet some of the players

b. Tom did not meet any of the players

If functional words such as some or any are ignored or represented as the same vector,
then these sentences would be represented by identical vectors. However, the sen-
tence (6a) implies that there is a player who Tom did not meet, whereas the sentence
(6b) means that Tom did not meet anyone. Therefore, the sentences have different
meanings.

By contrast, logic-based approaches have been successful in representing the
meanings of complex sentences (including the functional meanings) as logical for-
mulas, which have had a positive impact on RTE tasks (Mineshima et al., 2015; Mi-
neshima et al., 2016; Abzianidze, 2015; Abzianidze, 2016). However, purely logic-
based approaches only assess an entailment relation or contradiction between sen-
tences, lacking some flexibility for predicting graded notions of semantic textual
similarity.

To achieve advantages over both of logic-based approaches and machine learning-
based approaches, hybrid approaches have been proposed for learning both tex-
tual entailment and similarity. In previous hybrid approaches, The Meaning Fac-
tory (Bjerva et al., 2014) and UTexas (Beltagy et al., 2014) have improved accuracy
by using logic-based features derived from the entailment results of first-order the-
orem proving combined with shallow features such as sentence lengths. These pre-

vious hybrid approaches opened a door to a fusion of logic and machine learning to
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predict both textual similarities and entailments, though there is still room for im-
provement in combining logic-based approaches with machine learning-based ap-
proaches effectively. In this thesis, I develop a hybrid approach to capturing both
textual similarities and entailments.

I tackle two main problems in logic-based approaches to calculating semantic
relations between sentences. The first problem is that logic-based approaches have
difficulty offering graded notions of semantic textual similarity with high accuracy.
As we saw above, purely logic-based approaches only provide a binary semantic
relation (entailment or contradiction) between sentences. More specifically, while
the previous hybrid approaches above attempt to offer graded notions of semantic
textual similarity, they focus only on proof results or logical formulas, which are
only a part of the information obtained from proofs. Machine learning-based ap-
proaches are still much more successful in assessing semantic textual similarity than
logic-based approaches and thus there should be a more effective way for combining
logic-based approaches with machine learning-based approaches.

The second problem is that logic-based approaches have difficulty capturing
phrase-level semantic relations. With genuine logical inference only, logic-based
approaches fail to capture the meaning of content words. Accounting for lexical
relations between content words or phrases when doing logical inference remains
a crucial problem. Many previous logic-based approaches (Mineshima et al., 2015;
Mineshima et al., 2016; Abzianidze, 2015; Bjerva et al., 2014; Beltagy et al., 2014)
use knowledge databases such as WordNet (Miller, 1995) to identify lexical relations
within a sentence pair. While this solution has been successful in handling word-
level paraphrases, its extension to phrase-level semantic relations is still an unsolved

problem.

1.4 Intended contributions

I solve these two problems for calculating semantic relations with a careful treatment
of the theorem proving process. Considering the conception of proof-theoretic seman-
tics (Bekki and Mineshima, 2017), not only the entailment results but also the theorem
proving process can be considered as features for learning both textual entailment and
similarity. That is, by taking into account not only whether a theorem is proved but

also how it is proved, we can capture the semantic relation in more depth. The key



10 Chapter 1. Introduction

idea is that the proof processes reflect some aspects of semantic relations between sentences.
This idea contributes to capturing textual entailment and similarity more precisely
than previous approaches.

To solve the first problem of predicting semantic textual similarity with high ac-
curacy, I propose a novel method of learning both textual entailment and similarity
using proof processes. I propose a hybrid approach to learning both textual en-
tailment and similarity by combining shallow features with features extracted from
natural deduction proofs of bidirectional entailment relations between sentences.
Experimental results with two evaluation datasets show that my approach achieved
higher accuracy in predicting semantic textual similarity than previous logic-based
approaches that ignore these proof processes. Furthermore, my approach achieved
state-of-the-art performance in predicting textual entailment. The evaluation results
indicate that features derived from proof processes are effective for learning both
textual entailment and similarity.

To solve the second problem of considering phrasal knowledge in natural lan-
guage inferences, I propose a phrase abduction mechanism. In consideration of
phrasal knowledge in logical inferences, it is important to capture phrase-to-phrase
relations included in a sentence pair. To do that, my method identifies phrase cor-
respondences through natural deduction proofs of semantic relations for a given
sentence pair. Experimental results showed that extracted paraphrases using proof
processes improves the accuracy of the RTE task.

The contributions of this thesis are summarized as follows:

1. I propose a new hybrid approach to learning semantic textual similarity from
proof processes to obtain high performance for the STS task (Yanaka et al.,

2017).

2. I show that my hybrid approach is general and also can be applied to learn-
ing textual entailment, thereby obtaining the highest performance for the RTE
task (Yanaka et al., 2018Db).

3. I propose a new method to detect phrase correspondences using proof pro-

cesses of a semantic relation between sentences (Yanaka et al., 2018a).
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1.5 Thesis organization

This thesis is structured as follows.

Chapter 2 provides a common background on how to obtain semantic repre-
sentations of sentences and how to judge their semantic relations using natural de-
duction proofs. First, I introduce previous works on semantic parsing systems and
inference systems and describe the motivation for selecting Combinatory Categorial
Grammar (CCG) (Steedman, 2000) for syntax and higher-order logical formulas for
semantics. Next, I describe how to translate sentences to their logical representations
via CCG syntactic parsing and semantic parsing. Lastly, I explain natural deduction
proofs used for proving semantic relations between sentences.

In Chapter 3, I address my hybrid approach to learning textual entailment and
similarity by combining shallow features with features extracted from natural de-
duction proofs. First, I discuss some related works on learning textual entailment
and similarity. Then, I explain how to conduct proofs and extract features that are
predictive of both textual entailment and similarity in my approach. Lastly, I evalu-
ate my hybrid approach to both STS and RTE tasks and illustrate performance com-
parisons among the extracted features.

In Chapter 4, I address the phrase abduction mechanism to inject phrasal knowl-
edge for natural language inference. First, I discuss previous inference systems com-
bined with lexical knowledge and previous paraphrase identification approaches.
Next, I describe how I attempt a proof with the phrase abduction mechanism. Lastly,
I evaluate the phrase abduction mechanism for the RTE task and present analysis re-
sults of the extracted phrases.

Chapter 5 concludes the thesis with a discussion of open issues and future re-

search.
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Chapter 2

Background

In this chapter, I introduce common background about how to translate sentences
into their semantic representations and how to capture their semantic relations by
using logical inference.

To describe the motivation for selecting logical representations for semantic rep-
resentations, I first introduce two main streams for representing the meaning of nat-
ural languages: distributional semantics and logical semantics. In distributional seman-
tics, which has been studied in computational linguistics, the meaning of a word is
induced based on its usage in large corpora, and the meaning of a sentence is com-
posed of the meanings of the words. On the other hand, in logical semantics, which
has been studied in formal semantics for a long time, the meaning of a sentence is
described using logical formulas. While distributional semantics has been success-
ful in modeling the meanings of content words, logical semantics is necessary to
capture the meaning of functional words.

Considering these two observations, I selected logical representations as seman-
tic representations of sentences for the following two reasons. First, as described
above, logical representations are more expressive in representing the meaning of

natural languages. This is described by Lewis and Steedman (2013):

Semantic operators, such as determiners, negation, conjunctions, modals,
tense, mood, aspect, and plurals are ubiquitous in natural language, and
are crucial for high performance on many practical applications—but

current distributional models struggle to capture even simple examples.

As logical representations can represent the meanings of these logical or functional
operators, they potentially cover the wide variety of natural language phenomena.

The second reason is concerned with logical inference: logical representations easily
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connect to logical inference, which captures semantic relations between sentences

more deeply and robustly.

2.1 Related work about semantic composition

Logical representations for semantic representations have been widely studied in
the fields of both linguistics and natural language processing. Table 2.1 shows com-

parisons with several works about semantic composition based on formal language

theory.
Syntax Semantics Logic Prover Language
Bos and Katja(2005) .
Bjerva et al. (2014) CCG ND/DRT FOL FOL provers English
Beltagy (2016) CCG ND/DRT FOL Resolution (MRS)  English
Abzianidze (2015) CCG LLF Natural Logic Tableau English
Mineshima et al. (2015) CCG ND HOL Natural Deduction ~ -8lsh
Japanese
Moot (2010) TLG  ND/DRT FOL N/A French
Butler et al. (2012) PCEG  D/SCT FOL N/A English
Japanese

TABLE 2.1: Comparison among semantics.
D: Davidsonian Event Semantics,
ND: Neo-Davidsonian Event Semantics, LLF: Lambda Logical Form.

In previous semantic parsing systems, the semantic parsing system developed by
Moot (2010) is based on Type Logical Grammar (TLG) (Carpenter, 1998) for syntax,
and Discourse Representation Theory (DRT) (Kamp and Reyle, 1993) for semantics.
The supported language of this system is limited to French. Butler and Yoshimoto
(2012)’s system uses Probabilistic Context-Free Grammar (PCFG) (Johnson, 1998) for
syntax and Davidsonian Event Semantics (Davidson, 1967) combined with Scope
Control Theory (SCT) (Butler, 2010) for semantics. This semantic parser is available
for both English and Japanese. In PCFG, a probability is assigned to each production
rule. However, these two semantic parsing systems are not directly connected with
an inference component.

In previous semantic parsing systems connected with specific provers, the infer-
ence system developed by Bos and Markert (2005) and Bjerva et al. (2014) uses the
semantic parsing system Boxer (Bos, 2008) to obtain logical semantic representations
and uses multiple theorem provers and model builders for inference in first-order

logic. In Boxer, CCG is used for syntax and DRT is used for semantics.
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The inference system developed by Beltagy et al. (2016) also uses Boxer for logical
semantic representations. In this system, modified resolution principle (Robinson,
1965) is used for inference in first-order logic.

The inference system of Abzianidze (2015) and Abzianidze (2016) (LangPro) uses
CCG for syntax, natural logic for semantics, and a tableau prover for inference in
higher-order logic. The supported language of this system is English.

The inference system of Mineshima et al. (2015) and Mineshima et al. (2016)
(ccg2lambda) uses CCG for syntax, higher-order logic combined with Neo-Davidsonian
Event Semantics (Parsons, 1990) for semantics, and natural deduction for inference
in higher-order logic. The supported languages of this system include both Japanese
and English.

Regarding an inference system not based on formal language theory, a dependency-
based logical inference system (Tian, Miyao, and Matsuzaki, 2014; Dong, Tian, and
Miyao, 2014) has been proposed. In dependency-based models, a sentence is mapped
to its dependency structure, which is represented by linguistic units (e.g., words)
connected to each other by directed links. Recently, dependency parsers (Chen and
Manning, 2014) have been developed, which enables mapping sentences to their log-
ical forms. However, dependency-based logical forms are less expressive because
they do not capture all the linguistic phenomena that formal semantics introduced
in Table 2.1 can represent. The main limitation of this logical representation is that it
fails to represent any phenomena that require scope such as negation (e.g., not, no)
and relative clauses (wh-clauses). Recent work using dependency parsers (Reddy
et al., 2016a) improved this limitation, but this system needs special rules for the
translation of conjunctions, relative clauses, and wh-questions.

In consideration of these semantic parsers and logical inference systems, I fol-
low ccg?lambda (Mineshima et al., 2015; Mineshima et al., 2016) and use CCG for
syntax and higher-order logic for semantics in this thesis. There are four motiva-
tions for selecting CCG for syntax. The first motivation is the existence of multiple
robust CCG parsers. The second motivation is the transparency between syntactic
categories and semantic types for semantic composition. The third motivation is the
maintainability of semantic composition with a small number of combinatory rules.
The fourth motivation is the expressive power of CCG for a wide range of linguistic
phenomena.

In terms of semantics, Abzianidze (2016)’s semantic representations are based
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on natural logic. Natural language inference based on natural logic was first elab-
orated by MacCartney and Manning (2007) and developed by MacCartney (2009).
There are three characteristics of natural logic (Lakoff, 1970). The first characteristic
is that natural logic uses formulas that resemble linguistic surface forms. The sec-
ond characteristic is that natural logic is able to express linguistic semantics. The
third characteristic is that natural logic can be used for the valid inference of natural
language. These characteristics show that the reasoning and the grammar of natu-
ral languages are strongly related to each other in natural logic. Thus, natural logic
is capable of directly reasoning about monotonicity. However, the previous natu-
ral logic based system (MacCartney, 2009) was limited to single-premise inference.
The system developed by Abzianidze (2016) addresses this problem and enables se-
mantic representation for a wide range of linguistic phenomena by natural logic.
Although the expressive power of this system is comparable to that of my system,
the natural logic used in this system is in a non-standard form, which causes two
problems. The first problem is that semantic composition is rule-based and a lot of
pre/post-processing for obtaining semantic representations is required in CCG syn-
tactic analysis. The second problem is that the natural logic requires the definition of
new inference rules for each logical or functional word, such as every, all, and no and
for which generic theorem provers are not reusable. Also, the second problem makes
proving processes complex, which is unsuitable for extracting proving processes or
injecting lexical knowledge in my method.

In contrast with the systems developed by Bos (2008), Bjerva et al. (2014), Beltagy
et al. (2016), Moot (2010), and Butler and Yoshimoto (2012), I select higher-order
logical formulas, which are more expressive than first-order logical formulas. As an
example comparison between higher-order logic and first-order logic, consider the

following sentence pair.

(7) a. Some student might come

b. Some student comes

In this example, the text (7a) includes the modal auxiliary expression, might. In such

a case, we have to distinguish modal contexts from actual contexts and we have to
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infer that the text (7a) does not entail the hypothesis (7b). Here, the first-order repre-

sentation! and higher-order representation of the text (7a) are described as follows:

FOL: dx(student(wy, x) A Jw; (Rwow; A come(wy, x))
HOL: dx(student(x) A might(come(x)))

The first-order representation and higher-order representation of the hypothesis (7b)

can be described as follows:

FOL: 3Jx(student(wy, x) A come(wy, x))
HOL: Jx(student(x) A come(x))

Compared with the higher-order representation, we can see that the first-order rep-
resentation introduces additional quantifiers and variables, which induces the com-
plexity in its semantic representations and logical inference.

Furthermore, higher-order logic is more expressive than first-order logic in other
linguistic phenomena, e.g., generalized quantifier, veridical and anti-veridical pred-
icates, attitude verbs, and non-affirmative adjectives. Therefore, in the formal se-
mantics of natural language, it is generally assumed that adequate semantic repre-
sentations of natural language demand higher-order logic or type theory (Carpenter,
1998). This expressiveness of higher-order logic also contributes to the possibility of
extracting more features about semantic representations in learning textual entail-
ment and similarity, which I describe in Chapter 3. While it is thought that inference
based on higher-order logic is hopelessly inefficient for practical applications (Bos,
2009), ccg2lambda (Mineshima et al., 2015; Mineshima et al., 2016) uses a proof-
assistant Coq (Bertot and Castran, 2010) for efficient theorem-proving and thus the
inference speed is competitive with first-order logic based inference systems.

In summary, there are two motivations for selecting higher-order logical formu-
las for semantic representations. The first motivation is its maintainability of se-
mantic representation. The second motivation is its adequacy in formal semantics of

natural language.

!Formulas of modal logic can be translated into formulas of first-order logic by standard transla-
tion (Blackburn, Rijke, and Venema, 2001). In this representation, modal operators are described as

world variables (e.g., wp, wq) and its relation R.
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2.2 Syntax and semantics

In this section, I describe how to translate sentences to higher-order logical formulas
via CCG syntactic parsing and semantic parsing by using ccg2lambda (Mineshima et
al., 2015; Mineshima et al., 2016). As a preliminary objective to map sentences to their
semantic representations, syntactic parsing is performed. To convert syntax struc-
tures to logical forms, I assume a transparent interface between syntax and seman-
tics following Montague (1973). To represent the meaning of natural language by
logical representations robustly, I formalize the syntax with CCG (Steedman, 2000)
and the semantics with lambda calculus.

CCG is a modern syntactic theory that provides a completely transparent in-
terface between syntax and semantics. The meaning of natural languages can be
obtained based on a lexicon consisting of triplets of the form (i.e., a word, its CCG
category, and its semantic representation) and a small number of combinatory rules
for CCG trees. Semantic templates give a lexical entry for each word, which consists
of a syntactic category in CCG and a semantic representation described as lambda
terms.

There are two forms of syntactic categories. One is a basic category such as N
(noun), NP (noun phrase), PP (preposition phrase), and S (sentence). The other is a
functional category described as the form of X/Y or X\Y, which defines a functor
with an argument Y and a result X, representing meta-variables over syntactic cate-
gories. X\Y indicates a function that returns X when it is combined with Y from its
left hand side, and X /Y is combined with Y from its right hand side to become X.

Combinatory rules specify the syntactic behaviors of words and compositional
rules for the CCG trees. Figure 2.1 shows some combinatory rules of CCG. For ex-
ample, applying the backward application rule (>), one word, which has X /Y as its
syntactic category and f as its meaning is combined with the other word, which has
Y as its syntactic category and a as its meaning. This gives rise to a word with X as
its syntactic category and fa as its meaning.

As an example of CCG derivation trees, Figure 2.2 shows the CCG derivation
tree of the sentence “A woman sings loudly.” In this CCG derivation tree, “a woman”
has a category NP and “sings loudly” has a category S\NP, which is combined with
NP on the left hand side by applying the forward application rule (<), resulting in

a sentence S.
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X/Y:f Y:a Y:a X\Y:f
X: fa g X: fa -
f:X/Y g:Y/Z ¢:Y\Z f:X\Y
Ax.f(gx) : X/Z - Ax.f(gx): X\Z
f:X/Y g:(Y/W)/Z . g:(Y\WN\Z f:X\Y .
AzAw. f(gzw) : (X/W)/Z ~P AzAw. f(gzw) : (X\W)\Z <P
f:X/Y g:Y\Z>B g:Y/Z f:X\Y<B
Ax.f(gx) : X\Z ) Ax.f(gx): X/Z )

FIGURE 2.1: Some combinatory rules of CCG: forward /backward ap-

plication rules (<, >), forward/backward composition rules (> B, <

B), generalized forward /backward composition rules (> B2, < B?), for-
ward/backward crossed composition rules (> By, <Bx).

A woman sings loudly
NP/N N S\NP_(S\NP)\(S\NP)
NP S\NP
S <

FIGURE 2.2: An example of CCG derivation tree.

For parsing sentences into CCG syntactic trees, I use statistical CCG parsers
trained on CCGBank (Hockenmaier and Steedman, 2007), which is a large treebank
of CCG derivations semi-automatically obtained from phrase-structure trees of the
Penn Treebank (Marcus, Marcinkiewicz, and Santorini, 1993). Lexical categories
used in the CCG parsers are derived from those of CCGBank. For example, S;.,
Sug and Syss categories are intended for declarative, gerund and passive sentences,
respectively. While combinatory rules used in the CCG parsers are different from
each other, they commonly use the basic combinatory rules from Steedman (2012): a
forward application rule, a backward application rule, a forward composition rule,
a backward crossed composition rule, a generalized forward composition rule, and
a generalized backward crossed composition rule.

In the development of previous systems for deriving semantic representations
based on CCG (Beltagy et al., 2016; Martinez-Gémez et al., 2017), it has been shown
that the accuracy of CCG parsing can be improved by combining multiple CCG
parsers. In my system, three wide-coverage CCG parsers, C&C (Clark and Curran,
2007), EasyCCG (Lewis and Steedman, 2014) and depccg (Yoshikawa, Noji, and Mat-
sumoto, 2017) are used for converting tokenized sentences into CCG syntactic trees.
While other systems based on CCG use only two CCG parsers, I combine three CCG

parsers and thus I can obtain correct parsing results more robustly.
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After obtaining each parser’s CCG derivation tree, I map it into its semantic
representation. CCG parsers sometimes produce parsing errors due to the wrong
part-of-speech (POS) tag being applied in preprocessing of annotating POS tags to
target sentences. Therefore, I select parsing results that succeed in mapping input
sentences to their semantic representations. When the output of all parsers can be
proved, I select a parsing result following the order of parsing accuracy on CCG-
Bank: depccg, EasyCCG and C&C.

Other alternative syntactic theories include Lexical-Functional Grammar (LFG) (Ka-
plan and Bresnan, 1995), Head-Driven Phrase Structure Grammar (HPSG) (Pollard
and Sag, 1994) and Tree-adjoining Grammars (TAG) (Joshi and Schabes, 1997). How-
ever, compared with CCG, these formalisms are not explored for grounded semantic
parsing, and this can be an obstacle to obtaining semantic representations robustly.

Furthermore, there are two other motivations for selecting CCG as syntax. First,
CCG can handle complex syntactic phenomena such as unbounded and long-range
dependencies, coordination, and non-projective constructions without additional
post-processing steps (Clark, Hockenmaier, and Steedman, 2002). Specifically, with
functional categories and a small number of combinatory rules, CCG can handle a
wide range of bounded and unbounded dependencies, whether a dependency rela-
tion is in the same tensed clause as its head or outside the clause, respectively. Sec-
ond, as each syntactic derivation corresponds directly to a lambda-calculus structure
that represents the meaning of a word, CCG is suitable for semantic composition
from syntactic structures.

Next, I describe the details of semantic parsing used in this thesis. For semantic
representations, I use higher-order logic combined with Neo-Davidsonian Event Se-
mantics (Parsons, 1990). For example, a sentence containing a transitive verb in (8a),

a quantifier in (9a), and a quantifier with negation in (10a) is analyzed as follows:

(8) a. Bob surprised Susan
b. Jyi(surprise(y;) A (subj(y;) = bob) A (dobj(y;) = susan))
(9) a. Some women are singing loudly
b. Jxj(woman(x;) A Jyi(sing(y1) A (subj(y1) = x1) Aloudly(y1)))

(10)

o

No women are singing loudly

b. —3Jxj(woman(x;) A Jy1(sing(y1) A (subj(y1) = x1) Aloudly(y1)))
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In these examples, we can see every verb is decomposed into a one-place predi-
cate over events. Adverbs and prepositions are also represented as predicates over
events. In this thesis, I use x; as a variable for entities and y; for events. A set of func-
tional expressions such as the subject (subj) and the direct object (dobj) is related to
the events. For example, I describe the fact that the term x; is the subject of the verb
represented by the event y; as subj(y1) = x;. I also describe the fact that the term x;
is the direct object of the verb represented by the event y; as dobj (y1) = x2. These
functional expressions are called as semantic (thematic) roles, which define relations
between an event and its term. Some definitions about semantic roles between an
event and its term have been proposed (Peter and Wilkins, 1984; Ray, 1990). In this
thesis, I reflect relations which can be detected from CCG derivation trees based on
CCGBank to semantic representations.

This analysis provides a uniform way of capturing the semantic relation (e.g.,
hypernym, synonym) between verbs. Consider the following two sentences and

their semantic representations:

(11) a. A woman boils onions
b. Jyi(boil(y;) A (subj(y;) = woman) A (dobj(y;) = onion))
(12) a. A woman cooks

b. Jyi(cook(y;) A (subj(y;) = woman) A (dobj(y;) = onion))

For instance, the hypernym relation between the verb boil and the verb cook is rep-
resented as a simple axiom Vy(boil(y) — cook(y)). This is possible because both
verbs are analyzed as one-place predicates over events, rather than as predicates
with different arities such as boil(x1,y1) and cook(y; ). In addition, both arguments
and adjuncts of verb phrases are analyzed as event predicates in this semantics and
thus Neo-Davidsonian Event Semantics can represent the meaning more flexibly
and expressively than previous Davidsonian Event Semantics (Davidson, 1967). For
these reasons, this semantics is suitable for natural language inference with lexical
knowledge.

A semantic representation of each word is described as lambda terms defined in
semantic templates. Semantic representations of a sentence are obtained by combin-
ing each lambda term of a word in accordance with the combinatory rules specified

in the CCG tree and then by applying B-conversion. As an example of a semantic
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representation, Figure 2.3 shows the CCG derivation tree and semantic representa-
tion of the sentence “No women are singing loudly.”. We can see that the final formula

in Figure 2.3 is equal to the formula (10b).
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Here, I describe how we obtain the semantic representation in Figure 2.3 and its
implementation. The set of semantic templates is defined manually based on formal
semantics in a YAML file. In this thesis, the validation of semantic templates used
for semantic representations was carried out exclusively on the trial split of the SICK
dataset, which is used for the main evaluation (see the details in Section 3.5.1).

The template applies to a node of the CCG derivation tree. Each template has
two required attributes: category and semantics. The attribute category is a CCG
syntactic category, and the attribute semantics is a lambda term in NLTK seman-
tics format (Garrette and Klein, 2009). The example of the semantic template is as

follows:

- category: N

semantics: AE.AX.E(x)

Applying this semantic template to a leaf whose base word is woman and whose
syntactic category is N would produce the expression (AE.Ax.E(x))(woman), which
is B-reduced to Ax.woman(x). Here, the base form “woman” substitutes all occur-
rences of the variable E in the semantic expression.

When a template is applied to a CCG inner node (i.e., a node with children),

lambda abstraction is applied to the semantics of the children.

- category: NP/N
semantics : AEAF.AFR AF;.—=3x.(F(x) A Fa(x) A F3(x))

surf : no

In Figure 2.3, the template above produces a rule for the surface word no from N
to negative NP, and when applied to the CCG node whose child’s semantics is
Axp.woman(x, ), it will produce, after B-reduction, the formula AF, F3.—~3x7.(woman(x;)
A Fa(x) A F3(x1)). Here, the child’s semantics Ax;.woman(x;) substitutes all occur-
rences of the variable F;. The newly composed semantic representation AF, F3.—3x;.
(woman(x1) A F(x1) A F3(x1)) now expects another predicate (a verb) as an argu-
ment F (i.e., sing), which will be filled in the next step of the composition.

In this thesis, I assign to determiners a semantic term that has an extra predicate

variable to derive correct truth conditions for quantificational sentences following
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Mineshima et al. (2015). For example, the semantics of a determiner every can be de-
scribed as AFAGAH.Vx(Fx A Gx — Hx), in a way that is similar to the continuation
semantics for event predicates (Champollion, 2015). The extra predicate variable G
can be filled by the semantically empty predicate Ax. T (where T denotes the tautol-

ogy) in a verb phrase.

2.3 Natural deduction

This section introduces how to evaluate the semantic relation between sentences. To
capture the semantic relation between two sentences represented by logical formu-
las, I use logical inference. It remains unclear which logic is expressive enough to
represent accurate natural language inference. For logical inference, I use a Gentzen-
style natural deduction system (Prawitz, 1965; Troelstra and Schwichtenberg, 2000).
The first motivation for using natural deduction is that it can potentially extend to
higher-order logical inference. In formal semantics of natural language, it is gener-
ally assumed that adequate semantic representations of natural language demand
higher-order logic or type theory (Carpenter, 1998). Thus, natural deduction is suit-
able for natural language inference based on standard higher-order logic (type the-
ory). The second motivation is that natural deduction system is suitable for injecting
axioms from external knowledge to fill the gap between a premise and a conclusion
during the theorem-proving process (Martinez-Gémez et al., 2017). When I infer
the semantic relation between sentences, I inject external knowledge such as com-
monsense or lexical knowledge if necessary. Injecting axioms during the theorem-
proving process demonstrates such natural language inference.

In this section, subsection 2.3.1 explains the outline of natural deduction proofs.
Subsection 2.3.2 describes how to implement natural deduction proof. Subsection
2.3.3 introduces inference rules used in my proof strategy. Subsection 2.3.4 describes
proof processes for proving the entailment relation. Finally, subsection 2.3.5 de-

scribes proof processes for proving the contradiction.

2.3.1 Outline of natural deduction

Natural deduction systems, a type of logical systems, retain the “natural form” of
logic and do not restrict themselves to any subset of the connectives nor any normal

form representation (Pelletier, 1999; Pelletier and Hazen, 2012).
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Another characteristic of natural deduction systems is that they have two types
of inference rules: introduction rules and elimination rules. Introduction rules are
the rules for installing new main operators in formulas, while elimination rules are
the rules for reducing the complexity of formulas by stripping off the main logical
operator. For example, the introduction rule and the elimination rule for an implica-

tion — are described in Figure 2.4.

[A]
A A-B B,
B A— B

FIGURE 2.4: Introduction rule (I-rule) and elimination rule (E-rule)
for implication (—).

In these two proof trees, material above the horizontal line represents the premises,
and that below represents the conclusion (or goal) of the inference. The elimination
rule for an implication — states that if two premises A and A — B exist, we can
assure B. This rule is also known as modus ponens. The introduction rule for an
implication — states that if we have one temporary assumption A and succeed in
deriving B, then this temporary assumption is closed or “discharged” and the con-
clusion to A — B is made.

In using a natural deduction system for natural language inference, we first map
a sentence pair (T, H) to a pair of logical formulas (T’, H'). T’ is initially set to the
premise P and H’ is set to the goal G to be proved. The typical proving strategy
is to decompose them into a set of subformulas with no logical connectives using
inference rules. The premise P is decomposed into a pool of premises P = {p;(6;) |
i€ {l,...,m}}, where each p;(;) is a subformula and 6; is a list of terms appearing
in p;(6;). The goal G is also decomposed into a set of sub-goals G = {g;(6}) | j €
{1,...,n}}, where 6} is a list of terms appearing in g;(6}). The proof is performed by
searching for a premise p;(6;) whose predicate matches that of a sub-goal g;(6}). If
such a premise is found, then variables in 9]’- are unified to those in 6; and the sub-
goal gj(9]<) can be removed from G. If all the sub-goals can be removed, we prove
T'" — H'. In the presence of two or more variables with the same predicate, there
might be multiple possible variable unifications. Modern theorem provers explore

these multiple possibilities in search of a configuration that proves a theorem.
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2.3.2 Proof assistant

A proof assistant is a computer system that assists the users to develop formal
proofs. For a natural deduction theorem proving, I use the proof assistant Coq (Bertot
and Castran, 2010), which can be used for efficient theorem-proving for natural
language inference using both first-order and higher-order logic (Mineshima et al.,
2015). Iuse Coq’s built-in tactics for first-order inference. The additional axioms and
tactics specialized for natural language constructions can be written in Ltac (Dela-
haye, 2000). We can run Coq with full automation by combining a set of pre-defined
tactics with user-defined proof-search tactics and using its interactive mode. This

achieves efficient automatic inference.

2.3.3 Inference rule

In a natural deduction proof, the premise P and the goal G are decomposed accord-
ing to inference rules. Figure 2.5 shows the major inference rules used in this thesis.
As described in Subsection 2.3, inference rules in natural deduction are divided into
two types: introduction rules and elimination rules. In terms of decomposing a
premise and a goal, introduction rules specify how to prove a formula in the goal,
decomposing a goal formula into smaller sub-goals. Elimination rules specify how
to use a premise, decomposing a formula in the pool of premises into smaller ones.

For example, the introduction rule for implication (—-INTRO) states that if the
sub-goal is an implication of the form A — B, this sub-goal A — B can be divided
into one premise A and one sub-goal B.

Note that we have to consider eigenvariable condition in inference rules for univer-
sal quantifier (V) and existential quantifier (3) in Figure 2.5. In the V-Intro rule, y = x
ory ¢ fuv(A), and y is not free in any assumption open in the premise, where fv(.A)
is the set of free variables in A. Also, in the 3-Elim rule, y = x or y ¢ fv(.A), and y
is not free in the goal nor in any assumption open in the premise except in A[x/y].
See Troelstra and Schwichtenberg (2000) for more details on the treatment of other

logical operators.
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G:AANB P A AA N
l/\-INTRO PALA AN A A
Gi: A J/\—ELIM
Gy : B Pi: A, P Ay, .. P A,
G: A= B P1 :A—= B
l—>—INTRO P A
p: | —-ELm
G:B P:B
G:3xA(x) P:IxA(x) Pz A()
P2 t=u
J 3-INTRO J 3-ELIM | =-ELIM
Gy A(t) Py A(y) P:A(u)
P:C P:C
G: AVEB G: AVEB P:AvVE
+V-INTRO +V-INTRO l V-ELIM
P:C P:C P A
G- A G,: B P, : B
G :VxA(x) P:VxA(x)
lV-INTRO JV—ELIM
G A(y) Py A(t)

FIGURE 2.5: Inference rules used in natural deduction. P, Py, ... P, are
formulas in the premise, while G, Gy, G, are formulas in the goal. The
initial formulas are at the top, with the formulas obtained by applying

the inference rules shown below.
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2.3.4 Proving entailment relation

As an illustration of how my natural deduction proof works for calculating the se-
mantic relation between sentences, consider the case of proving the entailment rela-

tion between the following sentence pair:

(13) a. A manissinging in a bar

b. A man is singing

The sentences (13a) and (13b) are mapped onto logical formulas A" and B’ based

on event semantics via CCG-based semantic composition, as follows.

A" Fy;3x;Ixp(man(xy) Asing(y) A (subj(y1) = x1) A bar(xy) Ain(yy, x2))
B’ : 3Jy;3xi(man(xy) Asing(y1) A (subj(y1) = x1))

When we attempt a natural deduction proof of the entailment relation A" — B’, we
set the logical formula A’ as the premise and the logical formula B’ as the goal of
the proof. Then A’ and B’ are decomposed by using inference rules described in the
previous subsection.

Py : Jy13x13xp(man(x;) Asing(y1) A (subj(y1) = x1) A bar(xp) Ain(y, x2))
Go : Jy13x1(man(x;1) A sing(y1) A (subj(y1) = x1))

J-ELIM (Py) x3 , 3-INTRO (Gp) x2

P; : man(xp) Asing(y1) A (subj(y1) = x1) A bar(xz) Ain(y1, x2)
Gy : man(xp) Asing(y1) A (subj(y1) = x1)

A-ELIM (Py) x4, A-INTRO (G1) X2

P, : man(x1), P; : sing(y1), Py : subj(y1) = x1, P5 : bar(xz), Ps : in(y1, x2)
Gy : man(xq), G3 : sing(y1), Gs : subj(y1) = x;

P, : man(xy), P; : sing(y1), Ps : subj(y1) = x1, P5 : bar(xz), Ps : in(y1, x2)
Gz ZM G3 2M G4 W

FIGURE 2.6: The proof process for proving an entailment relation.
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The proof process for A’ — B’ is shown in Figure 2.6. Here, A’ is initially set
to the premise Py and B’ to the goal Gyp. Py and Gy are then decomposed using
elimination rules (A-ELM, 3-ELIM) and introduction rules (A-INTRO, 3-INTRO). Then
we obtain a set of premise formulas P = { P, P;, Py, P5, Ps } and a set of sub-goals G =
{G2, G3,G4}. The proof is performed by searching for a premise P; whose predicate
and arguments match those of a given sub-goal G;. If such a logical premise is found,
the sub-goal is removed. In this example, the sub-goals G,, Gz, and G4 match the

premises P,, P3, and Py, respectively. Thus, A’ — B’ can be proved.

2.3.5 Proving contradiction

The proof strategy illustrated here can be straightforwardly applied to proving the
contradiction. In natural deduction, a negative formula of the form —A can be de-
fined as A — False (“the formula A implies the contradiction”), by using a proposi-
tional constant False to encode the contradiction. Thus, the inference rules for nega-

tion (—) can be taken as special cases of implication rules, as shown in Figure 2.7.

G:-A P:-A
lﬁ—INTRO G : False
P:A | ~-ELIM

G; : False G : A

FIGURE 2.7: Inference rules of negation.

As an illustration of proving the contradiction, let us consider the following sen-

tence pair:

(14) a. Noman is singing

b. There is a man singing loudly

Figure 2.8 shows the proof process. The sentences (14a) and (14b) are first mapped to
Py and Py, respectively, via compositional semantics and the goal Gy is set to False.
Second, by applying the elimination rule for negation to Py, Py is set to G;. Third, by
decomposing P; and G; using elimination rules (A-ELIM, 3-ELIM) and introduction
rules (A-INTRO, 3-INTRO), we can obtain the set of premises P = {Ps, Py, P5, Ps} and
the set of sub-goals G = {Gs, G4, Gs}. Lastly, from P;, Py and Ps, we can remove

these sub-goals and then derive the contradiction.
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Py : —Jy13x1(man(xq) Asing(y1) A (subj(y1) = x1))
Py : Jyi13dx;(man(x;) A sing(y1) A (subj(y1) = x1) A loudly(yy))
Go : False

—-ELIM (Py)

P; : Jyi13x;(man(x;) Asing(y1) A (subj(y1) = x1) A loudly(yy))
G : Jy13x1(man(x;) A sing(y1) A (subj(y1) = x1))

3-ELIM (P;) x2, 3-INTRO (Gp) x2

P, : man(x1) Asing(y1) A (subj(y1) = x1) A loudly(y1)
Gy : man(xq) Asing(y1) A (subj(y1) = x1)

A-ELIM (P;) x4, A-INTRO (Gp) x2

P : man(xy), Py : sing(y1), Ps : subj(y1) = x1, Ps : loudly(y1)
G3 : man(x), Gy : sing(y1), Gs : subj(y1) = x1

P : man(xy), Py : sing(y1), Ps : subj(y1) = x1, Ps : loudly(y)
G3 :M G4 :Eﬁl‘g{y\l\)\, G5 ﬁbﬁyﬁ:\xl

FIGURE 2.8: Proof process for proving a contradiction.
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Iintroduce another example of proving the contradiction. Consider this sentence

pair:

(15) a. The woman is not wearing glasses or a headdress

b. A woman is wearing an EQyptian headdress

Figure 2.9 shows the proof process for proving the contradiction. The sentences
(15a) and (15b) are mapped to Py and P, respectively, via compositional semantics
and the goal Gy is set to False. Second, by applying the elimination rule for negation
to Py, Py is set to G1. By decomposing P; and G; using elimination rules (A-ELIM,
3-ELIM) and introduction rules (A-INTRO, 3-INTRO), we can obtain the set of premises
P = {P3, Py, P5, Ps, P7, P} and the set of sub-goals G = {G3, G4, G5, Gg, G7}. From
b3, Py, P; and Pg, we can remove the sub-goals Gz, G4, G and G;7. After applying the
introduction rule for disjunction (V) to the sub-goal Gs, we can remove the sub-goal
Gs and then derive the contradiction. The difference between Figure 2.8 and Figure
2.9 is that Figure 2.9 describes how to treat the disjunctive expression not wearing

glasses or a headdress in the sentence (15a).
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Py : —3JegdxyIxp(woman(xy) A wear(ep) A (glass(xz) V
headdress(x;)) A (subj(e1) = x1)) A (obj(e1) = x2))

Py : Jdeydxpdxp(woman(xq) A wear(er) A egyptlan(xz) A
headdress(x;) A (subj(e;) = x1) A (obj(e1) = x2))

Go : False

lﬁ-ELIM (Py)

Py @ de;dxydxy(woman(xq) A wear(er) A egyptian(xp) A
headdress(x,) A (subj(e;) = x1) A (obj(e1) = x2))
G : Jep3xyIxp(woman(x;) A wear(er) A (glass(xz) V headdress(x;)) A
(subj(er) = x1)) A (obj(e1) = x2))

lH-ELIM (P;)x3, 3-ELIM (G1) %3

P, : woman(x;) A wear(e;) A egyptian(xy) A headdress(xy) A
(subj(e1) = x1) A (obj(e1) = x2)

G, : woman(x1) A wear(e1) A (glass(xy) V headdress(x;)) A
(subj(e1) = x1)) A (obj(e1) = x2)

l/\—ELIM (Py) x5, A-INTRO (Gy) x4
Ps; : woman(xy), Py : wear(ey), Ps : egyptian(xp)
Ps : headdress(xy), Py : subj(e;) = x1, D3 : obj(e1) = x2
Gs : woman(x1), Gy : wear(ey), Gs : glass(xz) V headdress(x;),
G : subj(e1) = x1, Gy : obj(e1) = x2

|

P : woman(xy), Py : wear(ey), Ps : egyptian(xp)
Ps : headdress(xy), Py : subj(e;) = x1, Ps : obj(e1) = x2
m'oma.n(x\l) C\wear_(ql Gs : glass(xy) V headdress(xy),
G6 .S = X1, G7 = X2

l\/-INTRo (Gs)

P : woman(xy), Py : wear(ep), P5 : egyptian(x;)
Ps : headdress(x,), 7 : subj(e1) = x1, Pg : obj(e1) = x2

MWG s(x2)
Gy Tsubj{er) = 11, Gy Tobjter) = 12

=x1, Gy 2

FIGURE 2.9: Proof process for proving a contradiction including a
disjunctive expression.
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2.4 Word abduction

Sub-goals may remain unproved when T logically does not entail H, i.e., when there
are no premise predicates p; that are matched with g;. In this case, the system at-
tempts on-the-fly word axiom injection, which was first developed by Martinez-
Goémez et al. (2017). I call this word axiom injection mechanism word abduction.

If there is a premise p;(6;) whose predicate has a linguistic relation (according to
external linguistic knowledge) with that of a sub-goal g;(6;), then variables in 6; are
unified with those in 6; and the sub-goal g;(6) can be removed from G. A linguistic
ontology or knowledge database is used for external linguistic knowledge. In the
original word axiom injection mechanism, two linguistic knowledge databases, i.e.,
WordNet (Miller, 1995) and VerbOcean (Chklovski and Pantel, 2004) are used.

As an illustration of this word abduction mechanism, let us consider the follow-

ing sentence pair:

(16) a. A white and brown cat walks

b. A white and brown cat moves

The proof process for proving the entailment relation between these two sentences is
shown in Figure 2.10. Here, the sentence (16a) is initially map to the premise formula
Py and the sentence (16b) to the goal formula Gy. Py and Gy are then decomposed
using elimination rules (A-ELIM, 3-ELIM) and introduction rules (A-INTRO, 3-INTRO).
Then we obtain a set of premise formulas P = {P,, P, Py, P5, Ps}, and a set of sub-
goals G = {Gy, G3, Gy, Gs, G }. The proof is performed by searching for a premise P;
whose predicate and arguments match those of a given sub-goal G;. If such a logical
premise is found, the sub-goal is removed. In this example, the sub-goals G, G3, G4,
and G match the premises P,, P3, Py, and Ps, respectively.

Here, the sub-goal Gs : move(y;) is still unprovable. One can assume that a
white and brown cat is the subject of both move and walk and that the word move is
the hypernym of the word walk. Thus, the sub-goal Gs : move(y;) and the premise
Ps : walk(y;) share the same variable y; and there is a linguistic relationship be-
tween their predicates move and walk. In such cases, word abduction takes place
and the axiom Vx(walk(x) — move(x)) is generated. By applying the axiom, the
entailment relation between the sentence (16a) and the sentence (16b) is proved.

Compared with other proof systems, such as the resolution proof systems (Belt-

agy et al., 2016; Bjerva et al., 2014) and the tableau proof system (Abzianidze, 2016)
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Py : Jy13x;(white(x1) Abrown(x1) A cat(x;) A walk(y1) A (subj(y1) = x1))
Go : Jy13x1 (white(x1) A brown(x;) A cat(x;) Amove(y;) A (subj(y1) = x1))

J-ELIM (Py) x2 , 3-INTRO (Gg) X2

P; : white(x;) A brown(x ) A cat(x1) Awalk(yp) A (subj(y1) = x1)
G : white(x;) A brown(x;) A cat(x;) A move(y;) A (subj(y1) = x1)

(
J A-ELIM (P;) x4, A-INTRO (G1) x4
(x

P, : white(xp), P53 : brown(x1), Py : cat(xy), P5 walk(y1), Ps : subj(y1) = x1
G : white(xl),Gg, brown(x;), G4 : cat(x1),Gs : move(y;), Ge : subj(y1) = x1

P, : white(x1), P3 : brown(x1), Py : cat(xy), Ps : walk(y1), Ps : subj(y1) =

G, : white(x1), G3 : brown(x1), G4 : cat{xy), Gs : move(y1), G : W\L

AXIOM Vx(walk(x) — move(x))

P, : white(x1), P3 : brown(xq), Py : cat(xq), Ps : walk(y1), Ps : subj(y1) =

1
G, : white(x1), G3 : brown(x), G, : at{xy), Gs : move(y1), Ge : Subj{yr)=x1

FIGURE 2.10: The proof process for word abduction.

introduced in Section 2.1, the distinction between the premise and the conclusion
to be proved is always clear when carrying out the proof in the natural deduction
system. Thus, the natural deduction system enables the injection of an axiom that
is necessary to fill the gap between the premise and the conclusion during the proof

process on-the-fly.
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Chapter 3

Learning textual entailment and

similarity using proof processes

3.1 Motivation and related work

In this chapter, I describe my research about learning textual entailment and sim-
ilarity. There are three main approaches to capturing semantic relations between
sentences: logic-based approaches, machine learning-based approaches, and hybrid
approaches. First, I introduce previous studies about machine learning-based ap-
proaches, which use supervised learning algorithms. Second, I introduce previous
studies about logic-based approaches, which uses logical inference systems to cap-
ture semantic relations between sentences. Third, I introduce previous studies about
hybrid approaches of logic-based and machine learning-based approaches. Lastly, I
describe the motivation for my hybrid approach to learning textual entailment and

similarity.

3.1.1 Machine learning-based approaches

In machine learning-based approaches, vector-based models of semantic composi-
tion have been widely studied with regards to calculating semantic textual simi-
larity (STS). Mitchell and Lapata (2008) and Mitchell and Lapata (2010) proposed
a sentence vector model involving word vector addition or component-wise multi-
plication. Addition and multiplication are commutative and associative operations
and thus ignore word order. To obtain vector-based semantic representations more
precisely, Polajnar, Rimell, and Clark (2015) proposed a discourse-based sentence
vector model considering extra-intra sentential context. Also, a categorical compo-

sitional distributional semantic model has been developed for recognizing textual
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entailment (RTE) and for calculating STS (Grefenstette and Sadrzadeh, 2011; Kart-
saklis, Kalchbrenner, and Sadrzadeh, 2014; Kartsaklis and Sadrzadeh, 2016). In this
model, the dimensions of the vectors encode model-theoretic structures rather than
observed co-occurrences, even though they are not strictly hybrid systems as they do
not include contextual distributional information. However, these previous studies
are mostly concerned with the structures of basic phrases or sentences and do not
address logical and functional words such as negations and connectives. Grefen-
stette (2013) represents logical constructs using vectors and tensors, but concludes
that they do not adequately capture logical structures, in particular, quantifiers.

Neural network-based models of semantic composition (Mueller and Thyagara-
jan, 2016; Hill, Cho, and Korhonen, 2016; Tai, Socher, and Manning, 2015; Zhou, Liu,
and Pan, 2016; He and Lin, 2016) have also been proposed. Although these neural
network-based models achieve higher performance in both RTE and STS tasks, they
lack three basic and simple capabilities that we get from symbolic representations.

The first missing capability is interpretability; being able to inspect the meaning
representation and interpret how the end task is performed. This is easy in logic-
based approaches because the meanings of sentences are represented by logical for-
mulas and we can detect where the logical inference fails in the middle of proof pro-
cesses. However, it is difficult in deep learning approaches because the meanings
of sentences are represented by vectors of real values. Thus, it is not self-evident
if neural network-based model also can capture logical and functional words like
logical formulas. The end-to-end nature of neural network-based models introduces
challenges in the diagnosis of the reasons that make two sentences to be similar or
dissimilar from each other. These diagnosis capabilities may play an important role
in making the system explainable and also guide future system improvements in a
more precise manner.

The second missing capability is the ability to use existing resources such as
knowledge bases to assist inference. For example, neural network-based models
are known to have difficulties in the detection of antonyms such as big and small.
However, it is easy to identify the antonym relation between big and small using lex-
ical knowledge such as WordNet (Miller, 1995), and we can use this knowledge in
logical inference, instead of having to train on hundreds of training examples with

the words big and small.
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The third missing capability is that neural network-based models cannot be eas-
ily trained on small datasets and little memory. Recently, a large dataset for natural
language inference (Bowman et al., 2015; Williams, Nangia, and Bowman, 2017) has
been proposed for developing neural network-based models. However, considering
that we apply the model to each domain-specific NLP application, we have to pre-
pare large and cleaned domain-specific datasets respectively. In addition, whether
we can prepare a large dataset that covers all linguistic phenomena is still an open

problem.

3.1.2 Logic-based approaches

Purely logic-based approaches such as ccg2lambda (Mineshima et al., 2015; Martinez-
Goémez et al., 2016; Mineshima et al., 2016) and LangPro (Abzianidze, 2015; Abzian-
idze, 2016) introduced in Section 2.1 have been successful in representing the mean-
ings of complex sentences, having had a positive impact for RTE tasks. Another
advantage of logic-based approaches is that the accuracy of logic-based approaches
does not depend on the size of the dataset. That is, logic-based approaches judge the
entailment relations directly through logical inference and they do not require the
training of a model with a large dataset (i.e., logic-based approaches are intrinsically
based on unsupervised learning). Indeed, compared with neural-network-based ap-
proaches, logic-based approaches (Mineshima et al., 2015; Abzianidze, 2016) have
been successful in performing high accuracy with the FraCaS dataset (Cooper et al.,
1994), which includes only about 300 cases.

However, purely logic-based approaches only provide an intrinsically binary
output (i.e., if a statement is true or not), which prevents them from capturing the
graded aspects of meaning in language, such as semantic textual similarity. The
graded aspects of meaning are also discussed in linguistics. As for the graded as-

pects of meaning in language, Edmonds and Hirst (2002) write:

Absolute synonymy, if it exists at all, is quite rare. Absolute synonyms
would be able to be substituted one for the other in any context in which
their common sense is denoted with no change to truth value, commu-

nicative effect, or “meaning” (however “meaning” is defined).

The authors introduce two words, daddy and father, as an example of this claim.

They are known as synonyms, while daddy expresses a stronger feeling of intimacy
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than father. This means the sentence I called, “my daddy” entails the other sentence I
called, “my father” if we assume daddy and father as absolute synonyms, while they
are dissimilar in terms of the emotion of the speaker. This means that the function for
capturing the graded aspects of meanings is necessary in natural language inference.
Also, capturing the graded aspects of meanings is necessary in NLP applications
such as information retrieval. In these applications, huge source texts are compared
with the target text to judge whether they are related or not. Under such a condition,
the semantic textual relation should be handled not as a binary decision (entailment

or contradiction), but as a similarity.

3.1.3 Hybrid approaches

To compensate for the problems associated with logic-based approaches, hybrid ap-
proaches of logic and machine learning have been explored. The hybrid approach
was first developed by Bos and Markert (2005). They translated a text and its hy-
pothesis into first-order logical formulas using Boxer (Bos, 2008), and employed off-
the-shelf inference tools such as a theorem prover and a model builder to detect
entailment relations. Unfortunately, this work also reported that the genuine theo-
rem prover correctly proves less than 6% of the RTE problems. The main reason for
its low performance is a lack of lexical and background knowledge. However, their
experiments showed that the combination of a machine learning classifier and the
features extracted from the inference tools are more successful than the tools alone.
Subsequently, The Meaning Factory (Bjerva et al., 2014) outperformed this previ-
ous work. This system also uses Boxer for their semantic representations and trans-
lates two sentences into first-order logical formulas. In RTE tasks, this system uses
theorem provers and model builders to check if one sentence entails the other, or if
the sentences are contradictory. In STS tasks, the system follows a supervised ap-
proach to solve the regression problem of determining the similarity between each
given sentence pair. The system uses a variety of features, ranging from simpler ones
such as word overlap, to more complex ones in the form of deep semantic features
and features derived from a compositional distributional semantic model. For the
form of deep semantic features, in particular, the proportion of overlap between log-
ical formulas and the judgment output (entailment, contradiction, or neutral) from
the logical inference system are used. These features are used for training a ran-

dom forest regressor model, and this hybrid approach succeeded in obtaining high
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performance in the STS task.

UTexas (Beltagy et al., 2014) uses Markov Logic Networks (MLNs) (Richardson
and Domingos, 2006) for RTE tasks and Probabilistic Soft Logic (PSL) (Broecheler,
Mihalkova, and Getoor, 2010) for STS tasks. This system also uses Boxer for their
logical semantic representations. In this system, each ground atom in the logical
formulas has a probability based on the distributional semantics of a word. The
weights of the logical formulas are calculated from the probabilities of their ground
atoms and are extracted as features. In RTE tasks, the conditional probabilities of
proving an entailment relation or contradiction between sentences are calculated
using these features. These probabilities are then mapped to a final relation by an
SVM classifier. In STS tasks, a probability of each ground atom has a continuous
truth value on the interval [0, 1] rather than a binary truth value as used in MLNS.

These previous studies improved accuracy by using logic-based features derived
from logical formulas and inference results of first-order theorem proving in addi-
tion to using shallow features such as sentence lengths. However, there is still the
open problem of how to effectively combine a logic-based approach with a machine
learning-based approach. As described above, the previous hybrid approaches only
focus on the output from their inference systems, such as the overlap of logical for-
mulas and the (probabilistic) inference results, to assess textual entailment and sim-
ilarity. However, there is much more information that can be obtained from the
inference system other than the inference result. That is, the processes to obtain the
final logical formulas and their inference process are also potentially valuable infor-

mation about the semantic relations between sentences.

3.1.4 Motivation for using proving process

In this thesis, I determine semantic relations between sentences based on the concep-
tion of proof-theoretic semantics (Bekki and Mineshima, 2017). The key idea is that
not only the inference results but also the theorem proving process can represent se-
mantic relations between sentences. That is, by taking into account not only whether
a theorem is proved but also how it is proved, we can capture semantic relations be-
tween sentences in more depth. My hypothesis is that observing proof processes when
testing the semantic relations is useful for capturing textual entailment and similarity more

precisely.
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To illustrate my hypothesis about the relation between semantic relations and
proving processes more concretely, I describe two examples of proving processes for
proving an entailment relation. First, consider the proving process for proving an

entailment relation between the following sentences (17a) and (17b):

(17) a. A man is walking in the rain

b. A man is walking

The sentences (17a) and (17b) are mapped onto logical formulas A} and A/, based

on event semantics via CCG-based semantic composition, as follows.

Al 1 Jy13x3xp(man(xy) A walk(yr) Ain(y, x2) Arain(xz) A (subj(y1) = x1))

Al : Jy13xq (man(x1) A walk(y1) A (subj(y1) = x1))

Here, we can see A entails A, The proving process of the attempted proof A| — A/
is described in Figure 3.1. A/ is initially set to the premise Py and A} to the goal Gy.
the premise Py and the goal Gp are then decomposed into the premise P; and the
sub-goal Gy, respectively, using the elimination and introduction rules for existential
quantifier (3-ELIM, 3-INTRO). We can remove the sub-goal G; from the premise P; and
prove A} — AJ.

Py : Jy13x13xp(man(x;) A walk(yq) Ain(yg, x2) A rain(xz) A (subj(y1) = x1))
Go : Jy13x1(man(x;) A walk(y;) A (subj(y1) = x1))

3-ELIM (Py) x3, 3-INTRO (Gg) X2

Py : man(x;) Awalk(y;) Ain(yy, x2) A rain(x2) A (subj(y1) = x1)
G1 : man(xl) AN walk(yl) VAN (subj (yl) = Xl)

Py : man(xq) A walk(y1) Ain(ys, x2) Arain(xz) A (subj(y1) = x1)

G : man(x;) Awa subj(y1) = x1)

FIGURE 3.1: The proof process for proving the entailment relation
Al — A
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Next, consider the proving process for proving an entailment relation between
the following sentences (18a) and (18b). Note that the sentence (18a) does not logi-
cally entail the sentence (18b).

(18) a. A man is walking in the rain

b. A man and a woman are singing

Sentences (18a) and (18b) are mapped onto logical formulas A} and A% based on

event semantics via CCG-based semantic composition, as follows.

Al 1 Fy13x13xp(man(xg) A walk(yr) Ain(y, x2) Arain(x2) A (subj(y1) = x1))

A% 2 Jy13x (man(xq) A sing(y1) A woman(x;) A sing(y2) A (subj(y1) = x1) A (subj(y2) = x2))

If we attempt the proof A} — A, its proof process can be described in Figure 3.2.
Here, the four sub-goals Gz, G4, G5, and Gg remain. However, assuming four axioms
Vy1(walk(y1) — sing(y1)), Vx1Vxp(man(x;) — woman(xz)), Vi, Vya(walk(y;) —
sing(y2)) and Vx2Vyz(subj(y2) = x2)) can be generated forcibly, despite the fact
that these axioms are not logically or lexically correct, we can prove the entailment
relation between A} and A} forcibly. These two figures show if two sentences are
less similar, we have to add more axioms and apply inference rules to prove their
entailment relation. This demonstrates my hypothesis that not only the proving
results (i.e., entailment, contradiction, or neutral), but also the proving processes

reveal information about semantic relations between sentences.
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Dy : Jy13x13xz(man(xq) A walk(yq) Adn(y, x2) A rain(x2) A (subj(y1) = x1))

Go : Jy13x1(man(x;) A sing(y;)woman(xz) A sing(y2) A (subj(y1) = x1) A (subj(y2) = x2))

3-ELIM (Py) X3, 3-INTRO (Gy) X2

P : man(x1) A walk(y1) Ain(yr, x2) A rain(xz) A (subj(y1) = x1)

Gi : man(xq) Asing(y1) A woman(xz) A sing(y2) A (subj(y1) = x1) A (subj(y2) = x2)

P> : man(x;), P3

s walk(y1), Py

A-ELIM (P1) x4, A-INTRO (G1) x5

1in(y1,x2), Ps : rain(xy), P : subj(y1) = x3

G, : man(xy), Gz :

P, : man(xy), P;

sing(y1), Ga :

:walk(y1), Py

woman(x;), Gs : sing(y2), Ge : subj(y1) = x1, G7 : subj(y2) = x2

tin(y1, x2), Ps : rain(xp), Ps : subj(y1) = x1

Gy : man{xy), Gs :

P> : man(xp), P3

sing(y1 ), G4

s walk(y1), Py

:woman(xy), Gs : sing(y2), Ge : subj{i=x1, G7 : subj(y2) = x2

AXIOMS Vy;(walk(y;) — sing(y;)),
Vx1Vxp(man(x;) — woman(xy)),
vy Vya(walk(y1) —  sing(y2)),
Va2 (subj(y2) = x2))

in(y1, x2), Ps : rain(xz), P : subj(y1) = x1

Gy ZM.’LL)J G3

s sing(y1), G

: woman(xp), Gs : sing{yp), Ge : subj{y=1x1, Gy : subj{yo)=xp

FIGURE 3.2: The proof process for proving the entailment relation

Al — AL
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3.2 System overview

I capture the semantic relation between the sentence pair (A, B) as a function of
the provability of bidirectional entailment relations for (A, B) and combine it with
shallow features. Figure 3.3 shows an overview of my system for learning textual
entailment and similarity from logical proofs. This system is mainly implemented

using Python, except for CCG syntactic parsers and a prover.

Input : Sentence pair

Syntactic parsing
¥

CCG tree

!

J
Semantic parsing J
) J ( Lexical knowledge
[

(
E
(
E
( Higher-order '
[
(
[
(

logical formula -
g Axioms

y
Logical inference /
v

Features
V

Random Forest

v

Output : Similarity/RTEJ

FIGURE 3.3: System overview.

First, sentences are parsed into syntactic trees based on CCG. Second, seman-
tic representations are obtained by combining lambda terms in accordance with the
meaning composition rules specified in the CCG tree. Third, after obtaining logical
formulas A’ and B’ from A and B, proofs of the bidirectional entailment relations,
A" — B’ and B — A’ are attempted. There are two intentions for proving the
bidirectional entailment relations. The first intention is to capture both entailment
relations and similarities. Compared with entailment relations, textual similarity is
directionless. Thus, I attempt to prove the bidirectional entailment relations and
capture the textual similarity features. The second intention is to obtain more in-
formation from the proving process than that which can be inferred from a unidi-

rectional entailment proving process. Compared with the proof in one direction,
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we can obtain more information about semantic relations between sentences from
bidirectional proofs.

If the initial natural deduction proofs fail, we rerun the proof process with rele-
vant external axioms. If the proofs fail again, unproved sub-goals are skipped until
the proof is completed. After that, features for learning textual entailment and sim-
ilarity are extracted by quantifying the provability of the bidirectional entailment
relations.

Next, features for learning textual entailment and similarity are extracted from
the proofs during the theorem-proving process. For natural deduction proofs, I use
a proof-assistant Coq as described in Section 2.3.2. When a proof is successful, Coq
outputs the resulting proof (a proof term), from which we can extract detailed in-
formation such as the number of proof steps and the types of inference rules used.
While multiple proof paths can be considered in each successful proof, I simply ex-
tract information from the proof path that Coq outputs'. In addition to the inference
result (i.e., entailment, contradiction, or neutral), information about the proof pro-
cess can be used as features for learning textual entailment and similarity.

Finally, I combine extracted logic-based features with non-logic-based features
and train the model for predicting textual entailment and similarity. I did a pre-
experiment with three regression models: logistic regression, support vector model
and random forest model. I found that random forest model was the most effective,
and the random forest model was therefore selected for learning textual entailment
and similarity, with its hyperparameters being optimized by grid search. In the re-
gression model for STS, the mean squared error (MSE) was used to measure the pre-
diction performance. In the classifier model for RTE, the Gini coefficient was used
to measure the prediction performance.

Regarding the brief description about random forest model (Breiman, 2001), this
model first draws first 14, bootstrap samples from the training data. For each of the
bootstrap samples, an unpruned regression tree is grown by choosing the best split
among all predictors at each node, and the best split is chosen from among those

variables. The test score is predicted by aggregating the predictions of the average

1Coq's output depends on the depth of proof search and tactics. In this thesis, I consistently set the
number of the depth of proof search to three, and use tactics which are validated by the trial split of
the SICK dataset.
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of 140 trees. There are two characteristics of the random forest model. One charac-
teristic is that this model is robust with respect to noise. The other characteristic is
that this model does not overfit the training data easily. Given these characteristics,
the random forest model is potentially suitable for my hybrid approach, where dif-
ferent types of features, including logic-based features and non-logic-based features,

are used.

3.3 Proof for a hybrid approach

To describe the details of the proof for extracting features about semantic relations,

let us consider the sentence pair A, B:

At Akitten plays in a house colored in green

B : Auyoung cat plays in a green house

First, through syntactic analysis and semantic composition, we can translate A

and B into logical formulas A’ and B’, as shown below:

A" Fy13y23x1 3T ws (kitten(x1) A play(y1) A (subj(yr) = x1)
A house(x2) A color(yz) A (dobj(y2) = x2) A in(y1,x2) A green(x3) A in(yo, x3))
B’ : Jy13x13xz2(young(x1) A cat(xq) A play(y1) A (subj(y1) = x1)

A green(xz) A house(xz) A in(yy, x2))

Then, we attempt a natural deduction proof without using external axioms, aim-
ing to prove entailment relations, A’ — B’. If both fail, then we check whether A’
contradicts B/, which amounts to proving the negation of the original conclusion,
namely A" — —B’. The motivation for attempting to prove contradiction is that se-
mantic textual similarity tends to be higher when the negation of the conclusion can
be proved, compared with the case where neither the conclusion nor its negation can
be proved. As described in Section 3.5.1, in the Sentences Involving Compositional
Knowledge (SICK) dataset (Marelli et al., 2014), 70% of the sentence pairs annotated
as contradictory are assigned a similarity score in the range [3, 5).

Following the proof process for proving the entailment relation described in Fig-

ure 2.6, we can obtain a set of premises P and a set of unproved sub-goals G. In this
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step, existential quantifiers and conjunctions in A’ and B’ are eliminated by apply-
ing the inference rules and the variables whose predicates of A’are in common with

those of B’ are unified.

P = {kitten(x1), play(y1),subj(y1) = x1,
house(x;), color(y2),dobj(y2) = x2,in(y1, x2), green(x3),in(y2, x3)}

G = {young(x;),cat(x;), green(xy)}

If all sub-goals can be removed from G, we can prove A’ — B’. In this example,
we can see the three sub-goals young(x;), cat(x;), and green(x;) still remain in G,
and we fail to prove A’ — B’. As above, if we fail to prove the entailment relation
or contradiction, that is, if we cannot prove the conclusion or its negation, we can
identify unproved sub-goals that are not matched by any predicate in the premise.
To remove sub-goals that cannot be proved using genuine logical inference alone, it
is necessary to inject axioms that represent the relations between premises and the
target sub-goals from external knowledge. Therefore, in the next step, we attempt to
prove A’ — B’ using axiom injection.

In axiom injection, unproved sub-goals are candidates to form axioms. In the ex-
ample above, the two sub-goals young(x) and cat(x; ) are still unproved. The prob-
lem is to select premise candidates semantically related to these sub-goals. In gen-
erating axioms, I improved a previous word axiom injection mechanism (Martinez-
Gomez et al., 2017). The purpose of improving a word axiom injection mechanism is
to generate axioms more correctly and obtain more accurate proof processes. There
are three points of improvements: improving the rule for selecting axiom candidates,
increasing lexical knowledge with distributed word embeddings and evaluating ax-
iom scores.

First, I describe how to improve the rule for selecting axiom candidates. I focus
only on predicates that share at least one argument with both the premise and the
conclusion. This means that an axiom can be generated only if there is a predicate p
in the pool of premises and a predicate g in a sub-goal and p and q share a variable
in an argument position, possibly with the same semantic role (e.g., subject, direct
object or indirect object). In this example, the two unproved sub-goals young(x1)
and cat(x;) share the same variable x; with the premise kitten(x;). If we can con-

firm the semantic relation between young cat and kitten from lexical knowledge, we
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can generate the axiom between young cat and kitten.

Second, I describe how to increase lexical knowledge with distributed word em-
beddings. The semantic relationships between the predicates in the premise and
those in the conclusion are checked using lexical knowledge. At first, I check the lin-
guistic relationship using WordNet, a lexical database of words grouped into sets
of synonyms. In addition to grouping synonyms, linguistic relations connecting
groups are listed in WordNet. Linguistic relations between predicates are checked in
the following order: inflections, derivationally related forms, synonyms, antonyms,
hypernyms, hyponyms, and similarities. Table 3.1 shows the examples of each lin-
guistic relation included in WordNet. One advantage of using logical inference is
that it is a powerful representation that can correctly represent these different lin-

guistic relations, such as antonyms and synonyms.

linguistic relation wordl  word2

inflections play plays
derived forms short  shortness
synonyms short brief
antonyms short long
hypernyms apple fruit
hyponyms food meat
similarities cute pretty

TABLE 3.1: Examples of each linguistic relation included in WordNet.

However, the WordNet database contains only 155,327 words, which is too lim-
ited to cover all linguistic relations between content words. To increase the coverage
of vocabulary, I use distributed word embeddings trained with large corpora, which
is known as Word2Vec (Mikolov et al., 2013). Word2Vec is the neural network model
that takes a text corpus as input and produces word vectors as output. This model
is based on the distributional hypothesis (Harris, 1954), where the meaning for each
word is determined by its nearby words. This model is composed of two algorithms
for computing word representations: continuous bag-of-words (CBOW) and skip-
gram. These two algorithms are complementary. That is, the CBOW architecture
predicts the current word given its context while the continuous skip-gram architec-
ture predicts the context given the current word. As this model is successful in repre-
senting the word meaning as vectors in low dimensional spaces, Word2Vec is widely

used for predicting the similarity of words and phrases (Dumais, 1997; Mitchell and
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Lapata, 2010). Thus, I select Word2Vec to compensate for the lack of lexical knowl-
edge. If the linguistic relationship between the predicates in the premise and those
in the conclusion cannot be found in WordNet, I check the linguistic relationship
using Word2Vec. In this thesis, I compared two large corpora (Google News Corpus
and Wikipedia) in preliminary experiments. I select a 200-dimensional word vec-
tor pre-trained with Google News Corpus. Google News Corpus contains about 3
billion words, which is much larger than the number of words in WordNet.

Third, I describe how to select correct axioms from axiom candidates. I select
plausible axioms by evaluating axiom scores. In this thesis, a similarity score be-
tween predicates is assumed to be an axiom score. The axiom candidates whose scores
are highest are selected as axioms to inject into the proof. Also, if axiom candidates
have scores lower than the threshold, I assume they have no linguistic relationship
and they are not injected into the proof. Both axiom scores take values in the range of
0.0 to 1.0. The threshold of the score of an axiom is set to 0.25. When an axiom is gen-
erated from WordNet, the score of the axiom generated with WordNet is defined as
the inverse of the length of the shortest path that connects the senses in the is-a (hy-
pernym/hyponym) taxonomy in WordNet. When an axiom is generated by using
Word2Vec, the score of the axiom is defined as the cosine similarity between word
vectors represented by Word2Vec. If we fail to prove the entailment relation using
the axiom injection mechanism, we attempt to prove the negation of the conclusion
using the axiom injection mechanism.

In this example, the two unproved sub-goals young(x1) and cat(x;) share the
same variable x; with the premise kitten(x;). We calculate the similarity between
young and kitten and the similarity between cat and kitten. Both similarities are
over the threshold and thus we can confirm the semantic relation between young
cat and kitten from lexical knowledge. Two axioms Vx.(kitten(x) — young(x))
and Vx.(kitten(x) — cat(x)) are generated, and we can thus remove two sub-goals
young(x;) and cat(x;). Regarding the sub-goal green(x;), there are no premises
that share the same variable with this sub-goal. However, the predicate green is in
common with the premise green(x3). In such a special case, we generate the axiom
Vx.(green(x)) and remove the sub-goal green(x;), even if they do not share the
same variable. In summary, the proof process for proving the entailment relation

A’ — B’ is described by Figure 3.4.
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Py 1 3y13y23x1Ixp Iz (kitten(xq) A play(y1) A (subj(y1) = x1)

Ahouse(xz) A color(yz) A (dobj(y2) = x2) Ain(yq, x2) A green(x3) Ain(yz, x3))
Go : Jy13x13x2(young(x1) A cat(xq) A play(y1) A (subj(y1) = x1)

Agreen(xz) A house(xz) Ain(yy, x2))

‘H—ELIM (Py) x5, 3-INTRO (Gp) X3

Py : kitten(xq) A play(y1) A (subj(y1) = x1)

Ahouse(x2) A color(yz) A (dobj(y2) = x2) Ain(y1, x2) A green(xs) Ain(yz, x3))
G : young(xq) A cat(x1) A play(y1) A (subj(y1) = x1)

Agreen(x;) A house(xz) Ain(yq, x2))

‘ A-ELIM (P1) X8, A-INTRO (G1) X6

P, : kitten(xq), P5 : play(y1), Pa : (subj(y1) = x1)

P5 : house(xz), Ps : color(yz), Py : (dobj(y2) = x2), Ps : in(y1, x2), Py : green(x3), Pyp : in(y2, x3)
Gy : young(x1), Gs : cat(x1), Ga : play(y1), Gs : (subj(y1) = x1)

Ge : green(xy), Gy : house(xy), Gg : in(y1, x2)

D, : kitten(x1), P5 : play(y1), Ps : (subj(y1) = x1)
D5 : house(xy), Ps : color(yz), Py : (dobj(y2) = x2), Ps : in(y1, x2), Do : green(x3), Pig : in(y2, x3)
G, : young(x1), Gs : cat(x1), G4 : playlys), Gs : (subjy)=x1)

Ge : green(xz), Gy : house(x), Gs : ii(yx2)

‘AXIOMS Vx(kitten(x) — young(x)), Vx(kitten(x) — cat(x)), Vx(green(x))

b : kitten(xl), Ps: play(y1),P4 : (Sllbj (y]) = X1)

D5 : house(xy), Ps : color(ya), Py : (dobj(y2) = x2), Ps : in(y1, x2), Do : green(xz), Pig : in(y2, x3)
Co : young(x,), Go : catéx), Ga : playlus), Gs : (subjlyn) =)

Ge :MG7 ZMGg :M

FIGURE 3.4: The proof process for proving the entailment relation
A" — B

Next, we attempt the proof in the opposite direction, i.e., B — A’, in the same

way. Here, B’ is set to the premise and A’ is set to the conclusion.

B’ : Jy13x13xa(young(x1) A cat(xq) A play(y1) A (subj(y1) = x1)
A green(xz) A house(xz) A in(y1, x72))
A" Jy13yp3x1IxpTwz(kitten(x1) A play(yi) A (subj(yr) = x1)

A house(x2) A color(yz) A (dobj(y2) = x2) A in(y1, x2) A green(xs) A in(y2, x3))

Again, following the proof process described in Figure 2.6, we can obtain the

following set of premises P and a set of unproved sub-goals G:

P = {young(xy),cat(x1),play(y1),subj(y1) = x1,in(y1, x2), green(x,), house(xz)}

G = {kitten(x;),color(ys),in(y2, x3), green(x3), dobj(y2) = x2}
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If all sub-goals can be removed from G, we can prove B — A’. We can see five
sub-goals still remain in G and we fail to prove B’ — A’. Thus we attempt to prove
B’ — A’ using word axiom injection similarly. Here, the one sub-goal kitten(x;) and
the two premises young(x;) and cat(x;) share the same variable x1. Thus we calcu-
late the similarity between kitten and young and the similarity between kitten and
cat. Accordingly, the similarity between kitten and cat is higher than that between
kitten and young and we can generate the axiom Vx.(cat(x) — kitten(x)). Note
that this axiom is not logically correct. Like this case, axioms based on the similar-
ity (i.e., the axiom score) are not always logically correct because semantic similarity
does not have semantic directions. However, the lack of vocabulary is a more crucial
problem and lexical relations are not strictly determined in some cases of natural lan-
guage inference. Thus, I combine a word embedding model with lexical knowledge
for the vocabulary expansion and use an axiom score for selecting correct axioms.

With this axiom, the sub-goal kitten(x;) can be removed. Regarding the sub-
goal green(x3), the predicate green is in common with the premise green(x;). In
that case, we generate the axiom Vx.(green(x)) and remove the sub-goal green(x3)
exceptionally, even if there are no premises that do not share the same variable with
the sub-goal.

Here, the three sub-goals color(12), in(y2, x3), and dobj(y2) = x» do not match
any of the premises, so the attempted proof of B’ — A’ still fails. If the proof by
axiom injection fails because of a lack of lexical knowledge, I obtain information
about semantic relations from partial proofs by simply accepting the unproved sub-
goals and forcibly completing the proof. The intention of forcibly completing the
proof is to obtain information from a partial proof. In this example, we forcibly
complete the proof of B — A’ by skipping these three unproved sub-goals. In
summary, the proof process for the proof for the reverse entailment relation B’ — A’
is described by Figure 3.5.

After all bidirectional proofs are completed, the information about the generated
axioms and skipped sub-goals in Figure 3.4 and Figure 3.5 is used to create features.
These proofs are performed by an automated prover implemented in a proof assis-

tant Cogq.
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Py : Jy13x13xa(young(x1) A cat(x1) A play(y1) A (subj(y1) = x1)
Agreen(x;) Ahouse(xz) Ain(y1, x2))
Go : Fy13y23x1 IxpIxs (kitten(x1) A play(y1) A (subj(yr) = x1)
Ahouse(x2) A color(yz2) A (dobj(y2) = x2) Ain(ys, x2) A green(xz) Ain(y2, x3))

‘H-ELIM (Py) x3 , 3-INTRO (Gg) x5

P; : young(x1) A cat(xq) A play(y1) A (subj(y1) = x1)
Agreen(xz) A house(xz) Ain(y1, x2))
Gy : kitten(x1) A play(y1) A (subj(y1) = x1)
Ahouse(x) A color(yz) A (dobj(y2) = x2) Ain(y1, x2) A green(x3) Ain(yz, x3))

‘/\—ELIM (P1)x6, A-INTRO (G1) %8

P, : young(x1), Ps : cat(x1), Py : play(y1), Ps : (subj(y1) = x1)

D : green(xy), P; : house(xz), Ps : in(y1, x2)

G, : kitten(x1), G3 : play(y1), Gs : (subj(y1) = x1)

Gs : house(xz), G : color(y), Gy : (dobj(y2) = x2), Gs = in(y1, x2), Gy : green(x3), Gig : in(y2, x3)
D, : young(x1),Ps : cat(x1), Py : play(y1), Ps : (subj(y1) = x1)

Ps : green(xy), P7 : house(x), Ps : in(y1, x2)

G; : kitten(x1), Gs : play{ua), G4 : (subjfiy)-=1x1)

:MGG : color(y2), Gy : (dobj(y2) = x2), Gs : ifi{yx2), Go : green(xs), Gyg : in(y2, x3)

‘AXIOMS Vx(cat(x) — kitten(x)), Vx(green(x))

P, : young(x1), Ps : cat(x1), Py : play(y1), Ps : (subj(y1) = x1)

Ps : green(xy), P7 : house(xz), Ps : in(y1, x2)

Gy : Kitten(x1), Gs : play{ys), Gs : (subjty) =)

Gs : house(xy), Gg : color(y), G7 : (dobj(y2) = x2), Gg : in{y,x2), Go : green(xs), Gio : in(y2, x3)

FIGURE 3.5: The proof process for proving the entailment relation
B — A
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3.4 Feature selection

To maximize the performance of predicting entailment relations and similarities, I
adopt a hybrid approach where I use both logic-based features extracted from the
natural deduction proof and non-logic-based features. All features are scaled to the

range [0, 1].

3.4.1 Logic-based features

In this thesis, I design 15 logic-based features, 12 of which are derived from the bidi-
rectional natural deduction proofs. That is, six features are extracted from the direct
proof (A" — B’) and another six from the reverse proof (B — A’). The remaining
three features are derived from semantic representations of the sentence pairs. Since
the raw proof paths from Coq’s output included redundant proof paths or noisy
paths, I designed features that characterize natural deduction proofs from the raw
proof paths. These 15 logic-based features are instantiated from the following nine

feature types:

Logical inference result
As described in Section 3.5.1, sentence pairs with the entailment label tend to
be scored much more highly, and sentence pairs with the contradiction label
tend to be scored a little more highly than the average similarity. Consider-
ing this tendency, I include features to distinguish the case where either the
conclusion or its negation can be proved from the case where neither can be
proved. I deal with the logical inference result (i.e., entailment, contradiction,
or neutral) as features with different dimensions respectively. If the logical in-
ference result matches any result, the feature is set to 1.0 in its dimension, and

if not, the feature is set to 0.0.

Score of axioms
I'assume the hypothesis that if axiom scores used in the proof are scored highly,
a sentence pair is more similar. Therefore, I use the score of an axiom and the
number of axioms appearing in the proof to create features. As described in the
previous section, the score of an axiom generated with WordNet is defined as
the inverse of the length of the shortest path that connects the senses in the is-a
(hypernym /hyponym) taxonomy in WordNet. The score of an axiom gener-

ated based on the threshold of the word similarity calculated using Word2Vec
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is defined as the word cosine similarity. When multiple axioms are used in the
proof, the average of the scores of the axioms is extracted as a feature. If the

proof can be completed without using axioms, the feature is set to 1.0.

Proved sub-goals
Given that proofs can be obtained either by proving all the sub-goals or skip-
ping unproved sub-goals, I use the proportion of proved sub-goals as a feature.
My assumption is that if there are more unproved sub-goals, then the sentence
pair is less similar. When there are m logical formulas in the premise pool and
n proved sub-goals, I set the feature to 1 /m. If the theorem can be proved with-
out skipping any sub-goals, the feature is set to 1.0. Here, there are two types
of logical formulas that may remain as sub-goals: predicates (e.g., girl(xy),
on(y1, x3)) and functional relations between terms (e.g., subj (1) = x1) There-
fore, I count the number of sub-goals by each type of logical formula, and treat
it as a feature of a different dimension. It may be the case that the number
of sub-goals is so large that some sub-goals remain unproved even after ax-
iom injection. Since the proportion of unproved sub-goals decreases by axiom
injection, I use the proportion of unproved sub-goals both with and without

axiom injection as features.

Semantic roles in unproved sub-goals
Subject or object words can strongly affect the similarity of sentence pairs com-
pared with prepositions. Therefore, the number of each semantic role in un-
proved sub-goals, like subj(y1) in Figures 2.6 and 2.8, is used as a feature in a
different dimension respectively. Here, I count three semantic roles: subjective

(subj), direct objective (dobj), and indirect objective (iobj).

Proof steps
As shown in Section 3.1, in general, complex theorems are difficult to prove,
and in such cases, the sentence pairs are considered to be less similar. I there-
fore use the number of Coq’s proof steps, namely the number of inference rule

applications in a given proof, as a feature.

Inference rules
The complexity of a natural deduction proof can be measured in terms of the
inference rules used for each proof step. I therefore extract the relative fre-

quency with which each inference rule is used in the proof as a feature in a
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different dimension respectively. I check seven inference rules used in the nat-
ural deduction proof using Coq (cf. Figure 2.5): introduction and elimination
rules for conjunction (A-INTRO, A-ELIM), implication (—-INTRO, —-ELIM), and
existential quantification (3-INTRO, 3-ELIM) and the elimination rule for equal-

ity (=-ELIMm).

Predicate overlap

Intuitively, the more predicates that overlap between the premise and the con-
clusion, the more likely it is that the inference can be proved. I therefore use the
proportion of predicates that overlap between the premise and the conclusion

as a feature.

Semantic type overlap

Each semantic representation in higher-order logic has a semantic type, such
as Entity for entities and Prop for propositions. As is the case with the predicate
overlap, the more types that overlap between the premise and the conclusion,
the more likely it is that the inference can be proved. As with predicates, I use
the degree of semantic type overlap between the premise and the conclusion

as a feature.

Existence of negative clauses

Whether or not the premise or conclusion contains negative clauses is an effec-
tive measure of semantic relations between sentences. In semantic representa-
tions, negative clauses are represented by the negation operator —, so I check
for negation operators in the premise and the conclusion and set this feature to

1.0 if either contains one.

3.4.2 Non-logic-based features

To capture the semantic relation between sentences more accurately, I combine logic-

based features with non-logic-based features, extracted from surface information or

by using external knowledge. I select the following nine non-logic-based features.

Noun/verb overlap

I assume that sentences tend to be similar if their degrees of overlap of the

noun and verb is high. I extract and lemmatize all nouns and verbs from the
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sentence pairs and use the degrees of overlap of the noun and verb lemmas as

features.

Part-of-speech overlap
It might be the case that the similarity between syntactic structures affects se-
mantic relations between sentences. Therefore, I obtain part-of-speech (POS)
tags for all words in the sentence pairs by first tokenizing them with the Penn
Treebank Project tokenizer? and then POS tagging them with the C&C POS
tagger (Curran and Clark, 2003). The degree of overlap between the sentences’

POS tags is used as a feature.

Synset overlap
If relatively synonymous words are used in a sentence pair (e.g., woman and
lady), these words will belong to the same synset. Therefore, I have the hy-
pothesis that the textual similarity tends to be high if synset overlap between
sentences is high. For each sentence in the pair, I obtain the set containing
all the synonym lemmas (i.e., the synset) for the words in the sentence. The

degree of overlap between the sentences’ synsets is used as a feature.

Synset distance
For each word in the first sentence, I compute the maximum path similarity
between its synset and the synset of any other word in the second sentence.

Then, I use the average of maximum path similarities as a feature.

Sentence length
If a conclusion is much longer than a premise, there will possibly be many sub-
goals in the proof. If the lengths of both a conclusion and a premise are too
long, there will also possibly be many proof steps in the proof. This means the
average length of the sentence pair and the difference in length affect semantic
relations between the sentences. I therefore use the average of the sentence
lengths and the difference in length between a premise and a conclusion as

features.

String similarity
Especially in the case containing derivation words such as “I comprehend this

phrase” and “I have a comprehension of this phrase,” the string similarity affects

2ftp:/ / ftp.cis.upenn.edu/pub/ treebank /public_html/tokenization.html
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the semantic relations between such sentences. Therefore, I use the similarity
of the sequence of characters within the sentence pairs as a feature. The Python
Difflib® function returns the similarity between two sequences as a floating-
point value in the range [0,1]. This measure is given by 2.0 x M /T, where
T is the total number of elements in both sequences and M is the number of
matches. This feature is 1.0 if the sequences are identical and 0.0 if they have

no characters in common.

Sentence similarity from vector space models

As introduced in Section 3.1, vector space models are widely used to calcu-
late textual similarity especially in information retrieval applications. In this
model, a sentence is represented using a vector (possibly derived from a count
vector), which is an effective way to calculate the superficial similarity between
sentences. I calculate three kinds of sentence similarity by using three major
vector space models, TF-IDF, latent semantic analysis (LSA) (Deerwester et al.,
1990), and latent Dirichlet allocation (LDA) (Blei, Ng, and Jordan, 2003), and
I use them as features, respectively. The dimension of each sentence vector is

200. I use these cosine similarities as features.

Mapping cost of CCG derivation tree

I'have a hypothesis that two sentences are similar if their CCG derivation trees
are similar. Therefore, I compute the mapping cost of their CCG derivation
trees by using a tree-to-tree mapping algorithm proposed by Martinez-Gémez
and Miyao (2016). A value obtained by dividing the mapping cost by the total

number of nodes of the derivation tree of the sentence pair is used as a feature.

Existence of passive clauses

The existence of passive clauses has an influence on textual similarity. For
example, the sentence “The game of basketball consists of a ball being dunked by a
man with a jersey” perfectly entails the sentence “A man with a jersey is dunking
the ball at a basketball game,” while their similarity is annotated as 4.2 in the
SICK dataset. In this example, the topic of the sentence is changed by the use
of passive clauses (i.e., the topic of the first sentence is “a man,” while the topic

of the second sentence is “the game”), affecting the similarity.

Shttps:/ /docs.python.org/3.5/library/difflib.html
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In CCG trees, passive clauses are represented using the syntactic category
Spss \NP. I check the occurrence of passive clauses in the premise and con-
clusion, and if either of them contains a passive clause, then the feature is set

to 1.0.

3.5 Experiments

3.5.1 Dataset for evaluation experiments

To evaluate models and systems for learning textual entailment and similarity, datasets
for RTE and STS tasks have been developed. I first introduce some gold-standard
datasets for RTE and STS tasks.

The SemEval-2014 Task1 SICK dataset, which is one of the main evaluation datasets
for this thesis, is a dataset for studying both STS and RTE. It was originally devel-
oped for evaluating compositional distributional semantics, so it contains the lexical,
syntactic, and semantic phenomena that a compositional distributional semantics
framework is expected to account for. Particularly, this dataset contains logically
challenging expressions such as quantifiers, negations, conjunctions, and disjunc-
tions.

The SICK dataset was built starting from two baseline datasets: the 8K Image-
Flickr dataset (Rashtchian et al., 2010) and the SemEval-2012 STS MSR-Video De-
scription dataset (Agirre et al., 2012). These two baseline datasets contain sentences
that describe the same picture or video, and thus contain many paraphrases and
generic terms. First, the original sentences from these baseline datasets were normal-
ized to remove unwanted linguistic phenomena. Then, the normalized sentences
were expanded to obtain up to three new sentences; (i) a sentence with a similar
meaning, (ii) a sentence with a logically contradictory or at least highly contrasting
meaning, and (iii) a sentence that contains most of the same lexical items, but has a
different meaning. Finally, all the sentences generated in the expansion phase were
paired to the normalized sentences in order to obtain the final SICK dataset.

The SICK dataset contains 4, 500 problems for training, 500 for trial and 4, 927 for
testing. These sentence pairs are manually annotated with three types of labels, yes
(entailment), no (contradiction), or unknown (neutral), as well as a semantic similarity
score in the range [1,5] determined using crowdsourcing. The average number of

words per sentence is 10. Table 3.2 shows some examples in the SICK dataset.
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Sentence Pair Entailment Similarity

A dog is chasing another and is holding a stick in its mouth

A dog is chasing another and is holding a piece of wood in its mouth Yes 46
There is no dog running and carrying an object in its mouth

. . I ; No 3.5
Two dogs are running and carrying an object in their mouths
The girl, who is little, is combing her hair into a pony tail
A man in a red shirt is doing a trick with the rollerblades Unknown 12
Two men are taking a break from a trip on a snowy road Unknown 38

Two men are holding bikes and standing on the side of a road covered of snow

TABLE 3.2: Examples in the SICK dataset with different entailment
labels and similarity scores.

Table 3.3 shows the distribution of gold entailment labels and similarity scores
in the whole SICK dataset. Regarding the relation between similarities and gold
entailment labels, sentence pairs whose gold labels are no tend to be scored a little
more highly than the average, whereas those whose labels are unknown have a wide
range of scores. Sentence pairs whose gold labels are yes clearly tend to be scored
more highly. Regarding the distribution of gold entailment labels, the majority of

the problems are labeled as neutral.

Similarity Yes No Unknown Total
[1,2) range 0% 0% 10% 10%
[23)range 1% 0% 13% 14%
[34)range 10% 1% 28% 39%
[4,5) range 3% 27% 7% 37%

Total 14%  28% 58% 100%

TABLE 3.3: Distribution of gold labels and similarity scores in the
whole SICK dataset.

The SemEval-2012 MSR-vid dataset is the second evaluation dataset I used for
the STS task. This dataset contains 1, 500 sentence pairs with a 750/750 training/test
split. The average number of words per sentence is six, which is fewer than that of
the SICK dataset. All sentence pairs are annotated with similarity scores in the range

[0, 5]. Table 3.4 shows some examples in the MSR dataset.

Sentence Pair Similarity

The man hit the other man with a stick

The man spanked the other man with a stick 4.2
There is no man eating some food

. , 2.7
A man is playing a flute
A woman is slicing big pepper 0.0

A dog is moving its mouth

TABLE 3.4: Examples in the MSR-video dataset.
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The Stanford Natural Language Inference (SNLI) dataset (Bowman et al., 2015)
is a large dataset for the RTE task. It contains over 570K sentence pairs. Hypothe-
ses were written by crowd workers who were given the premise and asked to write
one definitely true sentence, one possibly true sentence, and one definitely false sen-
tence for given premises that were written as hypotheses. However, it is not con-
cerned with logically challenging expressions; the semantic relationships between
a premise and a hypothesis are often limited to synonym/hyponym lexical substi-
tution, replacement of short phrases, or exact word matching. This is because hy-
potheses are often parallel to the premise in structures and vocabularies. A recent
study on the SNLI dataset (Tsuchiya, 2018) reports that this dataset has a hidden bias
which allows prediction of entailment labels from hypothesis sentences even if no
context information is given by a premise.

The Multi-Genre Natural Language Inference (MultiNLI) dataset (Williams, Nan-
gia, and Bowman, 2017) is also a large dataset designed for use in the development
and evaluation of machine learning models for sentence understanding. Compared
with the SNLI dataset, the MultiNLI dataset represents both written and spoken lan-
guage across a range of styles, degrees of formality, and topics. This dataset contains
over 390K sentence pairs. As shown in this sentence pair below, there are many un-
grammatical cases in the MultiNLI dataset, especially the cases derived from spoken

speech:

(19) a. yeah well i'm a hot weather person i'm i can take the heat but i don’t like the cold

b. Ido not like warm weather at all

As my method is based on syntactic analysis, such ungrammatical cases are out-of-
scope in this thesis.

The multi premise entailment dataset (Lai, Bisk, and Hockenmaier, 2017) is an
RTE dataset containing multiple premise sentences. This dataset contains 10,000
cases with a 8,000/1,000/1,000 training /development/test split. Each case consists
of four premise sentences (captions from the same 30K ImageFlickr), one hypothesis
sentence (a simplified 30K ImageFlickr caption), and one label (entailment, contra-
diction, or neutral) that indicates the relationship between the set of four premises
and the hypothesis. This label is based on a consensus of five crowdsourced judg-

ments. However, a hypothesis sentence is too simplified (the length of a hypothesis
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sentence is three or four words in many cases) and this dataset is not concerned with
logical expressions.

The FraCaS dataset (Cooper et al., 1994) is a dataset designed to evaluate theories
of formal semantics. The whole dataset is divided into nine sections, each devoted
to linguistically and logically challenging problems. Each problem consists of one
or more premise sentences and one hypothesis sentence. However, it is confined
to genuine logical inference and thus does not contain problems requiring lexical
knowledge. In addition, this dataset contains only 346 cases, which were not de-
signed for machine learning approaches.

For these reasons, I mainly chose two datasets for evaluating my system: the

SICK dataset and the MSR-video dataset.

3.5.2 Experimental setting

I evaluated my system in both RTE and STS tasks using the SemEval-2014 SICK
dataset. I used the training and trial split of the SICK dataset for training the ran-
dom forest model and evaluated the prediction performance of the test split. Regard-
ing the STS task with the SICK dataset, I compared my system with the following
systems: the state-of-the-art neural network-based system Siamese-LSTM (Mueller
and Thyagarajan, 2016); the SemEval-2014 best system (Zhao, Zhu, and Lan, 2014);
and two logic-based systems: namely The Meaning Factory (Bjerva et al., 2014) and
UTexas (Beltagy et al., 2014). As described in Section 1.2.3, I used three standard
evaluation metrics from the SemEval-2014 shared task: Pearson correlation coeffi-
cient y, Spearman’s rank correlation coefficient p, and MSE.

Regarding the RTE task with the SICK dataset, I compared my system with the
following systems: the state-of-the-art neural network-based system GRU (Yin and
Schiitze, 2017); the SemEval-2014 best system (Lai and Hockenmaier, 2014); and
three logic-based systems: The Meaning Factory (Bjerva et al., 2014), UTexas (Belt-
agy etal., 2014) and the previous system ccg2lambda with word abduction (Martinez-
Gomez et al., 2017). I used precision, recall and accuracy (described in Section 1.2.2)
as evaluation metrics.

I also evaluated my system in the STS task using the SemEval-2012 MSR-video
dataset to compare my system with the SemEval-2012 best system (Bir et al., 2012)
and the logic-based UTexas system (Beltagy, Erk, and Mooney, 2014). I used the

training split of the MSR-video dataset for training the random forest model and
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evaluated the prediction performance of the test split. I used the standard evaluation
metric from the SemEval-2012 shared task, i.e., Pearson correlation coefficient <y as

the evaluation metric in the STS task with the MSR-video dataset.

3.5.3 Comparison with other systems

Semantic textual similarity
Table 3.5 shows the evaluation results of my experiment with the SICK dataset

on the STS task.

0% 0 MSE

Siamese-LSTM 0.882 0.835 0.229
My system (WordNet) 0.842 0.799 0.299
My system (WordNet+Word2Vec) 0.841 0.798 0.300
My system (Word2Vec) 0.822 0.768 0.329
The Meaning Factory 0.827 0.772 0.322
UTexas 0.714 0.674 0.499

TABLE 3.5: Results of the test split of SICK STS.

Although the state-of-the-art neural network-based system yielded the best results
overall, my system achieved higher scores than SemEval-2014 submissions, includ-
ing the two logic-based systems (i.e., The Meaning Factory and UTexas). As I men-
tioned above, the sentence pairs annotated as unknown produced a wide range of
scores. The Pearson correlation of the unknown portion of the SICK dataset was
0.766, which suggests that my logic-based system can also be applied to sentences
with the neutral label. Regarding the difference in lexical knowledge, my system
provided the best performance when only WordNet was used as lexical knowledge.
Using Word2Vec as linguistic knowledge often causes excessive generation of ax-
ioms and induces incorrect proofs, especially in cases where it is necessary to inject
phrasal knowledge into the proof. I describe the detail of this error phenomena in
the last subsection (error analysis) of this chapter. Also, the Word2Vec model relies
on the distributional hypothesis and cannot distinguish antonyms from synonymes.
This causes generation of wrong axioms.

For example, the correct similarity score of the sentence pair ID 677 in the test
dataset was 3.6 and the prediction score when using WordNet was the same, while
the prediction score when using Word2Vec was 4.1.

A dog, which is black, and a white one are ignoring each other in the street
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A dog, which is black, and a white one are staring at each other in the street

The semantic relation between these sentences is the contradiction because the word
ignore is the antonym of the word stare. When using WordNet, I generated the
antonym axiom Vx(ignore(x) — stare(x) — False) and prove the contradiction.
Conversely, when using Word2Vec, I wrongly generated only the synonym axiom
Vx(ignore(x) — stare(x)) and prove the entailment relation. For these reasons, the
performance was the best when only WordNet was used as lexical knowledge for
the SICK dataset.

Table 3.6 shows the evaluation results of my experiment with the MSR-video

dataset on the RTE task.
Y
SemkEval-2012 Best Score 0.873
My system 0.853
UTexas 0.830

TABLE 3.6: Results of the test split of MSR-video STS.

These results also indicate that my logic-based system achieved higher performance
than the other logic-based systems. Regarding the difference in lexical knowledge,
my system provided the best performance when both WordNet and Word2Vec were
used as lexical knowledge. Compared with the SICK dataset, there are many short
sentence pairs in the MSR-video dataset and there are not many cases where phrasal
knowledge should be considered in logical inferences. Thus, using Word2Vec in
the MSR-video dataset was an effective way to increase vocabulary. This result also
indicates that adequate lexical knowledge depends on the characteristics of the tar-
get dataset. Accordingly, my hybrid system does not depend on types of lexical
knowledge and it is easy to combine with various lexical knowledge such as domain-

specific knowledge.

Recognizing textual entailment

Table 3.7 shows the evaluation result of the experiment with the SICK dataset on the
RTE task. My system achieved the state-of-the-art accuracy on the RTE task when
only WordNet or both WordNet and Word2Vec were used for the lexical knowledge.
As with the evaluation result in the STS task, my system provided the best accuracy
when only WordNet was used for lexical knowledge. The precision increased and

the recall decreased when using both WordNet and Word2Vec since the number of
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proofs of correct entailment relations increased and the number of proofs of correct

contradiction decreased by using Word2Vec.

Precision Recall Accuracy

My system (WordNet) 0.906 0.797 0.877
My system (WordNet+Word2Vec) 0.919 0.775 0.874
My system (Word2Vec) 0.870 0.733 0.841
GRU - - 0.871
SemEval2014 Best Score 0.816 0.819 0.846
ccg2lambda 0.970 0.636 0.831
The Meaning Factory 0.936 0.606 0.816
UTexas - - 0.734

TABLE 3.7: Results of the test split of SICK RTE.

3.5.4 Feature ablation and isolation

Semantic textual similarity

Table 3.8 shows ablation results with the SICK dataset on the STS task. In my ab-
lation study, I removed each feature from all features and trained the model. The
intention of this ablation study is to assess the prediction performance of each fea-
ture. While there was no change in the prediction performance when each feature
was removed, the inference result was the most effective feature of logic-based fea-
tures in the ablation analysis. This result indicates that the similarity of a sentence
pair tends to be higher when the gold label of RTE is entailment or contradiction, as
described in Section 3.5.1. The cosine similarity of vector space models was the most
effective feature of non-logic-based features. This result indicates that the surface
information is more effective for the prediction of textual similarity.

As shown in Table 3.8, when all logic-based features were removed in training,
the performance significantly decreased, compared to the case when all non-logic-
based features were removed. This result indicates that logic-based features have
more effects that improve prediction performance than non-logic-based features.
When the features derived from the process of theorem proving (i.e., proved sub-
goals, semantic roles of unproved sub-goals, proof steps, inference rules, and ax-
iom score) were removed, the prediction performance decreased more significantly,

compared with the case when the features were derived from the logical formulas
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Y 0 MSE
- Logical inference result 0.8355 0.7900 0.3077
- Predicate overlap 0.8376 0.7976 0.3072
- Score of axioms 0.8388 0.7963 0.3044
- Proved sub-goals 0.8407 0.7946 0.3013
- Proof steps 0.8409 0.7982 0.3008

- Semantic type overlap 0.8410 0.7982 0.3007
- Unproved sub-goals’ case 0.8414 0.7995 0.3000

- Negative clauses 0.8420 0.7988 0.2990
- Inference rules 0.8430 0.8005 0.2972
- Vector space model 0.8283 0.7925 0.3208
- Noun/verb overlap 0.8373 0.7934 0.3048
- Passive clauses 0.8396 0.7959 0.3027
- Sentence length 0.8397 0.7978 0.3026
- String similarity 0.8403 0.7970 0.3018
- Synset overlap 0.8405 0.7974 0.3012
- Synset distance 0.8406 0.7982 0.3011
- Tree mapping cost 0.8406 0.7980 0.3013
- Part-of-speech overlap 0.8412 0.7983 0.3003
- Proving Process 0.8326 0.7900 0.3146
- Logical Formulas 0.8375 0.7958 0.3073
- Only logic-based 0.7847 0.7237 0.3937
- Only non logic-based 0.8114 0.7820 0.3483
All 0.8420 0.7988 0.2990

TABLE 3.8: Ablation results on SICK STS.

(i.e., predicate overlap, type overlap, and existence of negation). This result sug-
gests that features extracted from the process of theorem proving contribute to the
performance of predicting textual similarity.

Table 3.9 shows the evaluation results when training the regressor with each fea-
ture group in isolation with the SICK dataset on the STS task. The performance
was the highest when only the feature of predicate overlap was used. This result
indicates that a logical formula represents linguistic information in a sentence more
precisely. In tree mapping cost and passive clauses, the Pearson correlation was al-
most 0. This result indicates that these features have no effect for the prediction of
textual similarity. However, regarding similarity, 76% of sentence pairs in the SICK
dataset are annotated in the range of [3, 5]. This causes the MSE result to be almost

1.0 although the tree mapping cost and passive clauses are not effective features.
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Y 0 MSE
Predicate overlap 0.6818 0.6105 0.5454
Proved sub-goals 0.6302 0.6012 0.6144
Inference rules 0.5611 0.5360 0.6988

Logical inference result 0.5493 0.5425 0.7117
Unproved sub-goals’ case  0.5233 0.4965 0.7402

Proof steps 0.4381 0.4386 0.8296
Score of axioms 0.3787 0.3621 0.8732
Semantic type overlap 0.2333 0.2137 0.9641
Negative clauses 0.1615 0.2061 0.9924
Noun/verb overlap 0.6560 0.5598 0.5805
Vector space model 0.6086 0.5260 0.6602
String similarity 0.4857 0.4786 0.7788
Synset distance 0.4331 0.3953 0.8279
Synset overlap 04191 0.3849 0.8422
Part-of-speech overlap 0.3504 0.3484 0.8940
Sentence length 0.2621 0.2685 0.9490
Tree mapping cost 0.0347 0.0208 1.0179
Passive clauses 0.0987 0.1087 1.0092
Only logic-based 0.8114 0.7820 0.3483
Only non logic-based 0.7847 0.7237 0.3937
All 0.8420 0.7988 0.2990

TABLE 3.9: Results when training the regressor with each feature
group in isolation on SICK STS.

Recognizing textual entailment

Table 3.10 shows ablation results with the SICK dataset on the RTE task. As is
the same with ablation results on the STS task, there was no significant fluctuation in
accuracy in the case when each feature was removed alone. This result indicates that
logic-based features have more effects to improve accuracy than non-logic-based fea-
tures. When the features derived from the process of theorem proving (i.e., proved
sub-goals, semantic roles of unproved sub-goals, proof steps, inference rules, and ax-
iom score) were removed, the accuracy decreased more significantly, compared with
the case when the features derived from the logical formulas (i.e., predicate overlap,
type overlap, and existence of negation). This result suggests that features extracted
from the process of theorem proving contribute to the performance of predicting
entailment/contradiction labels.

Among logic-based features, the proof step was the most effective feature in the
ablation result. I discuss this result by comparing the ablation result on RTE task
with that on STS task. Superficial overlap such as cosine similarity between sentence
vectors strongly affects the prediction performance on STS task, while semantic over-
lap such as the proof step strongly effects the accuracy on RTE task. This indicates
the difference between the RTE task and STS task: while the RTE task requires deep
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Precision Recall Accuracy

- Proof steps 09176  0.7345  0.8569
- Proved sub-goals 09123 0.7782  0.8729
- Inference rule 09202 0.7768  0.8755
- Unproved sub-goals’ case 09120  0.7853  0.8755
- Negation clauses 09155  0.7853  0.8765
- Logical inference result 09122  0.7877  0.8767
- Score of axioms 0.9110  0.7905  0.8771
- Semantic type overlap 09267  0.8027  0.8771
- Predicate overlap 09138 0.7891  0.8778
- Passive clauses 09134 0.7745  0.8710
- Vector space model 0.9016  0.7848  0.8712
- String similarity 09125 0.7853  0.8753
- Noun/verb overlap 0.9051  0.7947  0.8763
- Part-of-speech overlap 09161  0.7863  0.8769
- Tree mapping cost 09073  0.7971  0.8780
- Sentence length 0.9145 0.7095  0.8782
- Synset distance 0.9079  0.7980  0.8784
- Synset overlap 09069 0.7976  0.8786
- Proving Process 09038  0.7247  0.8238
- Logical Formulas 0.9125 0.7900  0.8771
- Only logic-based 0.7618  0.6474  0.7869
- Only non-logic-based 09255 0.7491  0.8659
All 0.9058 0.7971  0.8774

TABLE 3.10: Ablation results on SICK RTE.

semantic analysis, the STS task is based on distributional analysis.

Furthermore, the prediction accuracy decreased when the axiom score feature
was removed, whereas accuracy increased when the synset distance feature or the
overlap rate of synsets feature was removed. I consider the reason for this pattern
by comparing the axiom score with synset distances and the overlap rate of synsets.
To calculate the synset distance feature and the overlap rate of synsets feature, I
consider distances or overlap about for possible word pairs in a premise and conclu-
sion. On the other hand, to calculate the axiom score feature, I consider similarities
for word pairs only necessary for logical inference. This indicates that the axiom
score represents the meaning relatedness of content words more correctly than the
synset distance and the overlap rate of synsets. Thus, the axiom score feature is a
more effective feature for predicting entailment/contradiction labels in the RTE task.

Table 3.11 shows the evaluation result when training the classifier with each fea-
ture group in isolation with the SICK dataset on the RTE task. As shown in Ta-
ble 3.11, the accuracy was highest when only the inference result was used as the
feature in training. Regarding the five kinds of features (i.e., type overlap, existence

of passive clauses, part-of-speech overlap, sentence lengths, and mapping cost of
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Precision Recall Accuracy
Logical inference result 0.5628  0.5104  0.7002
Proved sub-goals 0.5995 05913  0.7219
Score of axioms 0.7292  0.3512  0.7158
Inference rule 0.6371  0.6026  0.7123
Predicate overlap 0.5628  0.5104  0.7002
Proof steps 0.6465  0.4529  0.6908
Unproved sub-goals’ case ~ 0.7242  0.1620  0.6177
Negation clauses 0.6036 02990  0.6110
Semantic type overlap - 0.0000  0.5651
Vector space model 0.5439  0.5400  0.6839
Noun/verb overlap 0.7399  0.6737  0.6544
String similarity 04897 03701  0.6413
Synset overlap 0.4557  0.2302  0.6075
Synset distance 0.4062 02081  0.5911
Passive clauses 09211  0.0330  0.5790
Part-of-speech overlap 0.3269  0.0160  0.5661
Sentence length 0.4619  0.0513  0.5649
Tree mapping cost 0.2222  0.0009  0.5645
Only logic-based 09255 0.7491  0.8659
Only non logic-based 0.7618  0.6474  0.7869
All 0.9058  0.7971 0.8774

TABLE 3.11: Results when training the regressor with each feature

group in isolation on SICK RTE.

syntactic trees) the recall score was remarkably low, around less than 0.1. In the case

when these features were used in isolation, my system predicted neutral labels in

almost all sentence pairs. This result suggests that these features do not contribute

to accuracy when these features are used in isolation.

3.5.5 Evaluation by each gold label

Semantic textual similarity

Table 3.12 shows the evaluation results for each gold similarity score on SICK STS,

where my proposed method achieved the highest performance in the range [4,5].

About 80% of sentence pairs whose gold similarity scores are in the range [4, 5] are

annotated as entailment or contradiction in RTE. This fact indicates that my pro-

posed method predicts similarity scores more accurately in sentence pairs that have

logical relations.
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Gold similarity score Cases ¥ 1Y MSE
[1,2) 300 0.4631 0.4522 0.7203
2,3) 800  0.2829 0.2849 0.3980
3,4) 2000 0.2280 0.2104 0.2028
4,5] 1654 0.6185 0.6408 0.2673
All 4927  0.8420 0.7988 0.2290

TABLE 3.12: Evaluation results for each gold similarity score (SICK
STS).

Recognizing textual entailment

Table 3.13 shows evaluation results for each gold label on SICK RTE. Here I eval-
uated the results based on precision score, recall score, and Fl-score in three-class
(i.e., yes, no, or unknown) classification. This result shows that my proposed method
got the highest accuracy in predicting contradiction labels of a sentence pair. In the
SICK dataset, negation expressions are included in many sentence pairs whose gold
labels are annotated as contradiction. Therefore, this result indicates my proposed

method has potential to capture the meaning of negation expressions.

Gold label Cases Precision Recall Fl-score
Unknown 2793 0.8597 0.9391 0.8977

No 720 09476  0.8075  0.8720
Yes 1414 0.8855  0.7918  0.8360
All 4927 0.8801  0.8774  0.8761

TABLE 3.13: Evaluation results for each gold label (SICK RTE).

3.5.6 Evaluation by linguistic phenomena

For 4927 sentence pairs in the SICK test data, I compared the similarity scores pre-
dicted by my proposed method with those predicted by the state-of-the-art model
based on deep learning (Mueller and Thyagarajan, 2016). My proposed method
predicted similarity scores of 2,666 sentence pairs more accurately. Furthermore, I
classified these 2,666 sentence pairs based on their linguistic phenomena to analyze
which linguistic phenomenon in a sentence pair can be captured by my proposed
method. Table 3.14 shows the result of counting the number of sentence examples,
including negation, quantifier, conjunction, and relative pronouns included in the

whole test data.
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The number of sentence examples for which my proposed method achieved bet-
ter predictions and its percentage divided by the number of examples including
each linguistic phenomena in the whole test data are shown in Table 3.15. This
result shows my method tends to predict similarity scores whose sentences include
negation, quantifiers and conjunctions more accurately than the deep learning-based

model.
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3.5.7 Positive examples and error analysis

Table 3.16 shows some examples for which the prediction score was better when
using logic-based features than when using non-logic-based ones.

For IDs 642 and 1360, one sentence contains a passive clause, while the other
sentence does not. In such cases, the sentence pairs are not superficially similar. By
using logical formulas based on event semantics, my method enabled the sentence
containing the passive clause to be interpreted correctly and judge that the passive
and non-passive sentences are similar to each other.

In ID 891, one sentence contains a negative clause while the other does not. Us-
ing shallow features, the word overlap is small and the prediction score was much
lower than the correct score. My logic-based method, however, interpreted the first
sentence as a negative existential formula of the form —3xP(x) and the second sen-
tence as an existential formula 3xP’(x). Thus, it could easily handle the semantic
difference between the positive and negative sentences.

In ID 1158, by contrast, the proportion of word overlap is so high that the pre-
diction score with non-logic-based features was much higher than the correct score.
My method, however, was able to prove the contradiction using an antonym axiom
of the form Vx(remove(x) — —add(x)) from WordNet and thus predict the score
correctly.

In ID 59, the proportion of word overlap is low, so the prediction score with non-
logic-based features was lower than the correct score. My method, however, was
able to prove the partial entailment relations for the sentence pair and thus predict
the score correctly. Here the logic-based method captured the common meaning of
the sentence pair: both sentences refer to kids playing in the leaves.

Finally, in ID 71, the prediction score with non-logic-based features was much
higher than the correct score. There are two reasons for this phenomenon: negations
tend to be omitted in non-logic-based features such as TF-IDF and the proportion of
word overlap is high. However, as logical formulas and proofs can handle negative

clauses correctly, my method was able to predict the score correctly.
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Table 3.17 shows examples where using only logic-based features produced erro-
neous results. In ID 2831, two word axioms Vx(lady(x) — girl(x)) and Vx(pencil(x))
were generated but my system failed to prove the entailment relation between the
sentences due to the lack of phrasal knowledge between pencil on eyeshadow and use
an eye pencil on her eyelid.

InID 3974, the two word axioms Vx(awaken(x) — wake(x)) and Vx(awaken(x) —
up(x)) were generated. However, the score of the word axiom Vx(awaken(x) —
up(x)) was low (0.25), and the prediction score was thus lower than the correct
score. Likewise, in ID 4833, two word axioms were generated but the score of the
word axiom Vx(file(x) — do(x)) was very low (0.09), and the prediction score was
thus negatively affected. In these cases, it is necessary to consider phrase-level ax-
ioms and their scores such as Vx(awaken(x) —wake_up(x)) and Vx(file_nail (x) —
do_manicure(x)).

In ID 1941, my system wrongly proved bidirectional entailment relations by
adding three word axioms, so the prediction score was much higher than the cor-
rect score. Although I control the word axiom injection by setting an axiom score
threshold, there is a limit to finding the best threshold. Thus, to prevent generating
unnecessary word axioms and to generate correct axioms instead, a mechanism for

detecting the lack of phrasal knowledge in the proof processes is necessary.
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Chapter 4

Phrase Abduction

4.1 Motivation and Related Work

The error analysis in Chapter 3 indicates that handling phrasal knowledge in logical
inferences is a crucial problem. As described in previous sections, it is difficult to
capture the meanings of content words or phrases using genuine logical inference
alone. To account for lexical relations between content words or phrases, previous
logic-based approaches use knowledge databases such as WordNet (Miller, 1995)
to identify lexical relations within a sentence pair. Also, considerable research ef-
forts have been focused on the identification and extraction of paraphrases. Thus, I
first review previous logical inference systems that are combined with lexical knowl-
edge and describe the problem of handling phrasal knowledge in logical inference.
Second, I introduce previous works that have identified and collected paraphrases.
Lastly, I describe the motivation for my proposed method for handling phrasal knowl-

edge in logical inference; I call this method phrase abduction.

4.1.1 RTE systems combined with lexical knowledge

The RTE system developed by Abzianidze (2016) is a purely logic-based RTE system
that uses CCG parsers and a tableaux-based prover. The system uses WordNet as
lexical knowledge and adds missing knowledge manually from the training dataset.
However, this technique requires considerable human effort and is not extended to
handle phrasal knowledge.

Martinez-Goémez et al. (2017) proposed an RTE system with an on-the-fly axiom
injection mechanism guided by a natural deduction theorem prover. Pairs of un-
provable sub-goals and plausible single premises are identified by means of a vari-

able unification routine and then linguistic relations between their logical predicates
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are checked using lexical knowledge such as WordNet and VerbOcean (Chklovski
and Pantel, 2004). Although this mechanism succeeds in capturing word-to-word re-
lations in a sentence pair, the proof strategy of selecting only premises that share an
argument with the sub-goal perfectly is not suitable for capturing phrase-to-phrase
or word-to-phrase relations.

To describe this issue, let us consider the proof of the entailment relation between

the following sentences:

(20) a. A band is playing on a stage

b. A band is playing onstage

The sentences (20a) and (20b) are mapped onto logical formulas T’ and H' based on

event semantics via CCG-based semantic composition, as follows.

T' : 3Jy;3x13xz(band(x1) A play(y1) A (subj(y1) = x1) A on(y1, x2) A stage(x2))
H' : 3Jy;3x1(band(x1) A play(y1) A (subj(y1) = x1) A (onstage(y))

We attempt to prove the entailment relation " — H'. By applying inference rules of
a natural deduction proof, we obtain the following sets of premises P and sub-goals

g:

P = {P,:band(x1), P : play(y1), P; : on(y1,x2), Py : stage(x2)}
G = {G;:onstage(y1)}

In this proof, the sub-goal onstage(y;) remains. Next, in the previous word axiom
injection mechanism with lexical knowledge, we search for a premise that shares
the same argument with the sub-goal. In this example, people assume the sub-goal
onstage(y;) is the paraphrase of the premise on(y;,x2) A stage(xz)). To capture
this paraphrase, we have to detect the relation between on(y, x2) A stage(xz)) in
the premise and onstage(y;) in the sub-goal. However, as the premise on(y1, x2)
does not match the argument with the sub-goal onstage(y ), it fails to generate this

phrasal axiom.
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Bjerva et al. (2014) proposed an RTE system where WordNet relations are trans-
lated to logical formulas and used as axioms for word-to-word knowledge in theo-
rem proving. For phrasal knowledge, PPDB (Ganitkevitch, Van Durme, and Callison-
Burch, 2013) is used to rephrase an input sentence pair instead of translating para-
phrases into axioms. However, this solution ignores logical contexts that might be
necessary when applying phrasal knowledge. Moreover, it does not apply to dis-
continuous phrases.

For example, consider the following sentence pair:

(21) a. A hurdle is being leapt by a horse that has a rider on its back

b. A horse and its rider are leaping over a barrier

If we prove the entailment relation between these sentences, we have to capture the
paraphrase X leap a hurdle and X leap over a barrier. To capture this paraphrase, we
need to translate the original phrase A hurdle is being leapt to the normalized phrase
leap a hurdle by applying normalization between passive voices and active voices.

Consider another example below:

(22) a. Ablack dog and a small white and black dog are looking up at a kitchen counter-
top
b. A large dog and a small dog are standing next to the kitchen counter and are

investigating

If we prove the entailment relation between these sentences, we have to capture the
paraphrase X look up at Y and X stand next to Y and investigate, which is difficult
to rephrase by simply checking phrasal knowledge such as PPDB. In this thesis, I
refer to paraphrases for which normalization is necessary for capturing discontinuous
paraphrases.

The RTE system developed by Beltagy et al. (2016) is based on probabilistic
logic. This system assigns distributional similarity scores to any words in a sen-
tence pair. This system also uses WordNet and PPDB as lexical knowledge. To in-
crease their coverage of phrasal knowledge, this system uses a resolution strategy
to align clauses and literals in a sentence pair. These alignments also constrain how
the unaligned fragments of a sentence pair may correspond to each other, reducing

the problem to a word or phrasal entailment recognition using a statistical classifier.
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However, this strategy only considers one possible set of alignments between frag-
ments of a sentence pair, which causes a lack of coverage when there are repetitions
of content words and meta-predicates.

Consider the following sentences:

(23) a. Soccer players are kicking a soccer ball into the goal

b. There are no soccer players kicking a soccer ball into the goal

To prove the entailment relation between the sentences, we have to make alignments
by distinguishing the first word soccer (used in the phrase soccer players) in the sen-
tence (23a) and (23b) from the second word soccer (used in the phrase soccer ball),

respectively, which may fail in single one alignment.

4.1.2 Paraphrase identification

In this subsection, I introduce previous studies about the identification and extrac-
tion of paraphrases. One successful technique is associated with bilingual pivot-
ing (Bannard and Callison-Burch, 2005; Zhao et al., 2008), in which alternative phrase
translations are used as paraphrases at a certain probability. However, this technique
requires large bilingual parallel corpora; moreover, word alignment errors likely
cause noisy paraphrases. Another strategy is to extract paraphrases is monolingual
phrase alignment between syntactic trees (Arase and Tsujii, 2017). This method iden-
tifies syntactic paraphrases under linguistically motivated grammar. The main dif-
ference between previous studies and my method is that they typically attempted an
alignment between words or syntactic trees, whereas my method performs an align-
ment between meaning representations, which enables the acquisition of more gen-
eral paraphrases by distinguishing functional words from content words. This point
is important in distinguishing among different semantic relations (e.g., antonyms
and synonyms). In addition, word and syntactic alignments potentially ignore coref-
erences, making it difficult to find relations between many-to-many sentences. Se-
mantic alignments enable this because coreferences must refer to the same variable
as the original entity.

The second way to extract paraphrases is to calculate the similarity between
phrases using an additive composition model and selecting the phrase pair whose
with maximum similarity paraphrases. Additive composition models (Mitchell and

Lapata, 2010) present a method for computing meanings of phrases that utilizes
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the average of vector representations of the constituent words. In this model, dis-
tributional vector representations are used to combine word vectors to obtain the
meanings of compositional phrases (Socher et al., 2011). Currently, however, the
additive composition model is theoretically limited to representing short phrases
(i.e., phrases composed of two or three words) (Tian, Okazaki, and Inui, 2016; Tian,
Okazaki, and Inui, 2017). In addition, it is also difficult to distinguish antonyms

from synonyms in this model.

4.1.3 Motivation for phrase abduction

There are three main difficulties that prevent effective identification and use of phrasal
linguistic knowledge in logical inference. The first difficulty is the presence of out-
of-context phrase relations in popular databases such as the Paraphrase Database
(PPDB) (Ganitkevitch, Van Durme, and Callison-Burch, 2013). PPDB may suggest
paraphrases that do not adhere to the context of the relevant text segments nor to
their semantic structure, which might be problematic.

The second difficulty is finding semantic phrase correspondences between the
relevant text segments. Typical approaches only rely on surface (Beltagy et al., 2013)
or syntactic correspondences (Arase and Tsujii, 2017), often producing inaccurate
alignments that significantly impact logical inference capabilities. Instead, a mech-
anism to compute semantic phrase correspondences could potentially produce, if
available, more coherent phrase pairs and solve the recurring issue of discontinuity.

The third difficulty is the intrinsic lack of coverage of databases for logical infer-
ence despite their large size. Whereas there is a relatively small number of possible
word-to-word correspondences and thus their semantic relations can be enumer-
ated, the same is not true for all phrase pairs that might be of interest. One alterna-
tive is to use functions of the infinite domain (e.g., cosine similarity) between phrase
representations (Tian, Okazaki, and Inui, 2016), but these techniques are still under
development, and we have not seen definitive successful applications when com-
bined with logical inference systems.

In this chapter, I tackle these three problems. I propose an automatic phrase ab-
duction mechanism to inject phrasal knowledge during the proof construction pro-
cess. In addition, I consider multiple alignments by backtracking the decisions on
variable and predicate unifications, which is a more flexible strategy. I represent log-

ical formulas using graphs since this is a general formalism that is easy to visualize
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and analyze. However, I use natural deduction (see Section 2.3) as a proof system in-
stead of Markov Logic Networks for inference. In addition, I extract phrasal knowl-
edge only from the natural deduction proof, not using supervised classification.
Some research has investigated graph operations for semantic parsing (Reddy, La-
pata, and Steedman, 2014; Reddy et al., 2016b) and abstractive summarization (Liu
et al., 2015); I contribute to these ideas by proposing a subgraph mapping algorithm

that is useful for performing natural language inference.

4.2 Phrase abduction

4.2.1 Logical formulas and graph representations

I formalize the phrase abduction mechanism by describing proof processes using
graphs. In this subsection, I describe some definitions for corresponding logical se-
mantic representations with graph representations.

For instance, the sentence A girl is skipping rope on a sidewalk can be analyzed as

the following logical formula in Neo-Davidsonian Event Semantics.

dx13x23x33y1 (girl(x1) A rope(xz) A sidewalk(xs) A skip(y1)

A (subj(y1)=x1) A (dobj(y1) =x2) A on(y1, x3))

In this semantics, all content words (e.g., girl and skip) are represented as one-place
predicates, e.g., girl(x1) and skip(y; ). For functional words, a preposition like on is
represented as a two-place predicate, e.g., on(y1, x3). A small set of semantic roles
such as subj and obj is used as functional terms and equality (=) is used to connect
an event and its participant, as in subj(y1) =x;.

To be precise, the set of atomic formulas A in this event semantics is defined by

the rule

A:=F(t)| G(tu)|t=u (4.1)

where F(t) is a one-place predicate (for content words), G(t, u) is a two-place pred-
icate (for prepositions), and t and u are terms. A term is defined as a constant, a
variable, or a functional term of the form f(t), where f is a semantic role and f is a

term. I call F(t) and G(t, u) basic predicates.
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I call a formula constructed by conjunctions (A) and existential quantifiers (3J) a
basic formula in event semantics. Thus, a set of basic formulas ¢ in event semantics

is defined as:
pu=AloNg|Ite 4.2)

The first example shows an instance of a basic formula, which captures the predicate-
argument structure of a sentence.

On top of the system of basic formulas, we have a full language of event seman-
tics with negation (—), disjunction (V), implication (—), and universal quantifier
(V). These operators are used to represent additional logical features.

There is a natural correspondence between basic formulas constructed in terms
of A and 3 in event semantics and directed acyclic graphs (DAGs). Figure 4.1 shows
an example. See Liang, Jordan, and Klein (2011) and Jones (2016) for some variants

of graphical representations of logical formulas.

subj @—'
- f@)bj
s - sidewalk)

FIGURE 4.1: A graph for the event semantics formula.

In the graph representation, constants and variables correspond to vertices; both
two-place predicates for prepositions (e.g., on(y1, x1)) and functional terms for se-
mantic roles (e.g., subj(y1) = x1) are represented as edges. A one-place predicate
F(t) in a logical formula can be represented as a functional relation isa(t, F), where
isa is an expression relating a term ¢ and a predicate F represented as a vertex. The
isa edges are unlabeled for simplicity. Here, bound variables (e.g., x1) correspond to
vertices and functional relations (e.g., subj(y1) = x1, dobj(y1) = x2 and on(y;, x3)) to
edges. A one-place predicate F(t) in a logical formula can be understood as a func-
tional relation isa(t, F), where isa is an expression relating a variable and a predicate

represented as a vertex. The isa edges are unlabeled for simplicity.
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4.2.2 Graph-based formulation of a theorem proving routine

To describe the phrase abduction mechanism, let us consider the proof T — H in the

following sentence pair:

T : Alady is cutting up some meat precisely

H : Some meat is being cut into pieces by a woman

Figure 4.2 gives an outline of my graph-based formulation of a theorem proving
routine. The first step is to obtain the graphical meaning representations of 7" and
H'. To begin with, the input sentence pair (T, H) is mapped onto a pair of formulas,
(T', H') through CCG syntactic parsing and semantic composition. T’ is initially set
to the premise P, and H' to the goal G. Note that these are basic formulas, and they

are thus decomposed to the following sets of formulas P and G, respectively:

P = {lady(x;), meat(xz), cut(y;), up(y1), precisely(y1), subj(y;) =x1, 0bj(y1) =x2}

= {woman(x3), meat(xy), cut(y,), piece(xs),into(yz, x5), subj(y2) = x3,0bj(y2) = x4}

Steps 1 to 3 in Figure 4.2 demonstrate the variable unification routine and word ax-
iom injection using graphs. In the graph representations, vertices are variables (e.g.,
entities x; or events y;) or predicates (e.g., lady, woman) and edges are semantic
roles (e.g., subj, obj) or prepositions (e.g., into). Note that in step 1, all variables in
formulas in P or G are initially different.

In step 2, we run a theorem proving mechanism that uses graph terminal vertices
as anchors to unify variables between formulas in P and those in G. The premise
meat(xp) in P matches the predicate meat of the sub-goal meat(x4) in G and the
variable unification x4 := x; is applied (and similarly for the sub-goal cut(y,) in G
with the variable unification y» := y1). Then, a set of formulas in G is updated as

follows:

P = {lady(x1), meat(xz),cut(y1), up(y1), precisely(y1), subj(y1) =x1,0bj(y1)=x2}
= {woman(x3), meat{x,), cut{yy), piece(xs), into(y1, x5), subj(y1) = x3, 0bj{yr=x}

In step 3, we use the previously described variable unification on y;, the subj
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T: A lady is cutting up some meat precisely H: Some meat is being cut into pieces by a woman
T : 3x13xp3yr(lady(x1) A H' : 3Jx33xy3x53yp (meat(xy) A
meat(x2) A cut(y1) A up(yr) A woman(x3) A cut(yz) A piece(xs) A
precisely(yq) A subj(y1,x1) A obj(y1,x2)) into(yo, x5) A subj(yz, x3) A obj(y2, x4))

(dy}— () (2)—(meat)  (womame— o (et
b bi b bi
o > Step 1: Su\_‘.., %)

Mak h L Y2 —>X—> iece
ol Ky into 5

from formulas.

<—@ @ : -[meat]_ [woman]%{;;;t} .‘ y@ ~(meat

obj Step 2. subpx
Anchor terminal =

vertices and unify »
N variables x4 := xp 4
Coand yp =y ' :

lad 4—@ ‘ @—» meat "(woman 4—‘@
[—] Step g—j :
bj Use graph subj
constraints and
knowledge (lady
is a woman) to

unify x3 1= x.

Induce subgraph
alignment with - s X5 >
non-unified mto .-
J v variable xs. :
.

FIGURE 4.2: A graph representation of a theorem proving routine

on basic formulas and variable unification. Dotted circles represent

non-unified variables at each step, whereas edges without labels are

attributes. The graph on the left side shows the set of premises P,

and the graph on the right side shows the set of sub-goals G. Colored

subgraphs represent a word or a phrase to which the axiom injection
mechanism applies.

edge in P and G and the axiom Vx.lady(x) — woman(x) from external lexical knowl-

edge to infer that x3 := x;. Then, a set of formulas in G is updated as follows:

P = {lady(x1), meat(xy), cut(y;), up(y1), precisely(y1), subj(y;) =x1, 0bj(y1) =x2}
G = {woman(x;) meat{x,), cut(y), piece(xs),into(y1, x5), subj{y)=2x1, 0bj{ir)=x7}
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4.2.3 Problem of phrase pair detection

There is one critical reason that the word-to-word axiom injection described in Sec-
tion 2.3 fails to detect phrase-to-phrase correspondences. That is, the natural deduc-
tion mechanism decomposes the goal G into atomic sub-goals that are then proved
one-by-one (word-by-word), independent of each other except for the variable unifi-
cation effect. This mechanism is particularly problematic when we attempt to prove
phrases that resist decomposition, two-place predicates (e.g., into(x, y)), or failures
in variable unification (e.g., due to inaccurate semantics). Thus, I propose a method
to detect phrase-to-phrase correspondence through natural deduction proofs.

I detect phrase-to-phrase entailing relations between T and H by finding align-
ments between the subgraphs of their meaning representations when T — H’
or T" — —H’ hold. Finding subgraph alignments is a generalization of the sub-
graph isomorphism problem, which is NP-complete (Emmert-Streib, Dehmer, and
Shi (2016), provides a good overview). I approximate a solution to this problem
by using a combination of a backtracking variable unification! and a deterministic
graph search of the neighborhood of non-unified variables.

Using the running example in Figure 4.2, step 4 displays the subgraph alignment.

Here, the set of premises and sub-goals P, § are as follows:

P = {lady(x1), meat(xz),cut(y1), up(y1), precisely(y1), subj(y1) =x1,0bj(y1)=x2}
= {woman(x;) meat(x,), Cut(yy), piece(xs), into(y1, x5), subj{yr=x1, 0bj{yr=x}

The variable x5 in the graph of G cannot be unified with any variable in the graph
of P. This is a very common case in natural language inference, as there might be
concepts in H that are not directly supported by concepts in T.

In this research, I propose spanning a subgraph starting at non-unified variables
(e.g., x5 in G) whose boundaries are semantic roles (e.g., subj, obj). Its candidate
semantics from P are then the attributes of its corresponding unified variables from

G (e.g., cut up precisely — cut into pieces).

1A variable unification can be seen as a variable renaming (or vertex relabeling, in the context of

graphs), as implemented in most modern theorem provers.
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4.2.4 Graph-based formulation for phrase abduction

To formalize this solution I introduce some graph notation. Let V.= V* U V* U Lbe
the set of vertices, where V" is the set of unified variables (e.g. x1, x2,y1), V" is the set
of non-unified variables (e.g. x5), and L is a set of predicates (e.g., lady, woman). Let
E be the set of labeled, directed edges (v,1,v’), where v,v’ € V, and I are labels that
may represent a functional relation isa, a preposition, or a semantic role. I denote
a set of two-place predicates for prepositions as PREP and a set of functional terms
for semantic roles as ARGS; e.g., ARGS = {subj,obj}. A graph that represents P is
then a tuple Gp = (Vp, Ep), and similarly, for G, Gg = (Vg, Eg).

I define a function to span a subgraph in the neighborhood of non-unified vari-
ables v € V[ in the graph of G. I call a connected set of edges in which no semantic

roles appear a phrase set. A phrase set is defined as follows:
{(v,1,v') | I ¢ ARGS} (4.3)

Let E(x) be the phrase set in E such that each vertex is connected to x with an in-

coming or outgoing edge, that is,
E(x) ={(v;,l,vx) € E| (x =v; Vx =v) Nl & ARGS} (44)

Note that E(x) induces a subgraph in a given graph G and the condition ! ¢ ARGS
sets the boundaries of the subgraph by excluding the semantic roles of verb phrases.
Given two phrase sets E and E’, I say E’ is reachable from E, written E ~ E’, if E
and E’ share at least one variable vertex, thatis, fo(E) N fo(E") # @. Let ~* be the
transitive closure of ~. Given a set of edges Eg and a variable v, I define the extended

phrase set, written Reach(v), as follows:
Reach(v) = {e € E | Eg(v) ~* E} (4.5)

That is, Reach(v) is the set of edges e that can be reached from v without crossing an
edge with a semantic role label. This function defines a partition or equivalence class
for non-unified variables v € Vj, and each of these partitions induces a (possibly
discontinuous) phrase in G that remains unproved.

The corresponding subgraph in P to each of these partitions is given by the ver-

tices and edges connected with a path of length one to the unified variables that
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appear in Reach(v). That is,
Corr(v) = {e € Ep(v'),v € Vg[v] N V’p} (4.6)

where V(JLU] denotes the vertices in the subgraph of G induced by the partition Reach(v).
A subgraph alignment between P and G is given by the pair of (Corr(v), Reach(v))
for all v € Vi, where the phrases can be read from the predicates in the vertices and
edges labeled with prepositions.
I define a mapping (-)* from a labeled edge (v,1,7') to an atomic formula as
follows.
v'(v) if [ is isa
(0,1,v')" = ¢ 1(v,0')  ifl € PREP (4.7)
I(v) =7 ifl € ARGS

Let E be a set of labeled edges, and let E® be {(v,1,7')* | (v,1,7') € E}. The phrasal

axiom generated for each non-unified variable v € Vj is defined as
Vc.( /\ Corr(v)* — 36g. (/\ Reach(v)*)) (4.8)

where 6c is a set of free variables appearing in Corr(v)® (which includes v) and 6 is
a set of free variables appearing in Reach(v)® but not in Corr(v)°.
In Figure 4.2, the only non-unified variable in the sub-goal in step 4 is x5, that is,

Vg = {x5}. Then, starting from the variable x5, Reach(xs) is

{{y1,into, x5), (x5, isa, piece) } .

Now Vg[xS} = {1, x5}, and thus Corr(xs) is

{(y1,1sa, cut), (y1,isa, up), (y1,isa, precisely) } .
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Finally, the following is the axiom generated from (Corr(xs), Reach(xs))?2.
Vyi(cut(y1) Aup(y1) A precisely(y1) — Jxs(into(y, x5) A piece(xs))).

4.2.5 Another formulation for phrase abduction

The phrase abduction mechanism can be generally applied to logical inference, and
it can thus also be formalized without graphs. In this subsection, I describe another
way to formalize phrase abduction. Here, I define a set of basic predicates including
variable x in a pool of premises P and sub-goals G as a phrase set. fv(¢) is a set of

free variables included in basic predicates ¢, ip.

def

L (peP|xefile)) GZ(ped|xe foly) (49)

Next, I call ® ~ ¥, as ® can reach Y. That means a phrase set ¥ and & shares a

d
free variable. If ® is a set of logical formulas, I define fv(®) ;f Ugpeo fo(@).

[
~

e

d~Y

Fo(@) N fo(¥) £ @ (4.10)

~* is a transitive closure of ~. I define an extended phrase set including a variable

x in a pool of premises P and sub-goals G as follows:

de de
P oo | P ®) G Yyt |G ) 4.11)

Considering a pair of P; and G for each variable x included in fv(G) , a phrase-
to-phrase axiom candidate is determined as the formula (4.12) by calculating U =

fo(PE), V = fo(G:) — fo(Py),where U = uy, ..., 1y, V="101,...,04
Vuq, ..., um ((ANPE) = Jor...0, (NGY)) (4.12)

In step 4 of Figure 4.2, the variable x5 in G cannot unify to any variable in P.
Consider a phrase set and an enhanced phrase set for each variable included in

fo(G) = {y1,x5}. Here, Gy, can reach G, and the enhanced phrase set Gj , G, is

2 Note that this axiom is logically equivalent to

Vy1(cut(y1) A up(y1) A precisely(y1) — Jxs(cut(yy) A into(y1, x5) A piece(xs)))

indicated in the colored subgraphs in step 4 of Figure 4.2.
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represented as Gy, U Gy..

Gy, = {into(yy,xs)}
Gxs = Gy, = g;: = {into(y, x5), piece(xs)}
Py, =Py, = {cut(y1),up(y1), precisely(y1)}

Hence, the phrasal axiom about variables fv(G) = {y1, x5} can be detected as fol-

lows:

Vy1(cut(y1) Aup(y1) A precisely(y1) — Jxs(into(y, x5) A piece(xs))).

4.2.6 Non-basic formulas

If formulas P and G are not basic formulas (i.e., they contain logical operators other
than conjunction (/) and existential quantifiers (3)), they are decomposed according
to inference rules of natural deduction. As described in Section 2.3.3, there are two
types of inference rules: introduction rules decompose a goal formula into smaller
sub-goals and elimination rules decompose a formula in the pool of premises into
smaller ones. By applying inference rules described in Figure 2.5, a proof of non-
basic formulas appearing in sub-goals can be decomposed into a set of subproofs
that only have basic formulas in sub-goals. If a universal quantifier appears in
premises, it is treated in the same way as other premises.

For example, consider the following sentence pair with the gold label “no” (con-

tradiction):

T : A manisnot cutting a potato

H : Amanis slicing a potato into pieces

Figure 4.3 shows the proof process of T" — —H’. To prove the contradiction, the
formulas T" and —H' are set to P and G, respectively. Then, the negation in G is
removed by applying the introduction rule (—-INTRO) to G. Here, False is the
propositional constant denoting the contradiction. In the second stage of the proof,
the goal is to prove False in Gy from the two premises P and Py. By applying the
elimination rule (—-ELIM) to P, we can eliminate the negation from P, resulting in

the new goal G;.
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As both the premise Py and the sub-goal G; are basic formulas, the procedure
described in the previous sections applies to the pair (P, G1); these basic formulas
are decomposed into atomic ones, and then word-to-word abduction generates the
desired axiom Yy (cut(y;) — slice(y;)). Finally, the graph alignment applies in the

same way as described in Figure 4.2, which generates the phrasal axiom:
Vy1(cut(y1) — Ixs(into(yy, x5) A piece(xs)))

Using this axiom, one can complete the proof of the contradiction between T” and

H'.

P : =3y;3x; (man(x1) A cut(y1) A potato(x,)
A(subj(y1) = x1) A (obj(y1) = x2))

G : =3y13x13xpIxz(man(xq) Aslice(y1) A potato(xy)
Ainto(yq, x3) A piece(x3) A (subj(y1) = x1) A (obj(y1) = x2)

l —-INTRO (Gg)

P : =3y;3x;(man(x1) A cut(y;) A potato(xz)
A(subj(y1) = x1) A (obj(y1) = x2)
Py : 3y13x13x23x3(man(x;) A slice(y;) A potato(xy)
Ainto(y1, x3) A piece(x3) A (subj(y1) = x1) A (obj(y1) = x2)
Gy : False

J —-ELIM (P)

Py : 3y13x13x23x3(man(x;) A slice(y;) A potato(xy)
Ainto(y1, x3) A piece(x3) A (subj(y1) = x1) A (obj(y1) = x2)
G : Jy13x1(man(x;) A cut(y;) A potato(xy)
A(subj(y1) = x1) A (obj(y1) = x2)

FIGURE 4.3: Contradiction proof process for non-basic formulas.

4.3 Experiments

4.3.1 Experimental setting

To evaluate the utility of the phrase abduction mechanism in logical inference, I
evaluated my method with the RTE dataset. For an RTE dataset, I selected the
SICK dataset, which contains logically challenging problems involving quantifiers,
negation, conjunction, and disjunction, as well as inferences with lexical and phrasal

knowledge.
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I first attempted the proof using the training and trial split of the SICK dataset
and extracted phrasal knowledge. In RTE tasks, we need to consider a directional se-
mantic relation between words such as hypernym and hyponym to prove an entail-
ment relation or contradiction. Hence, to extract phrasal knowledge for RTE tasks,
I used the training and trial split of the dataset whose gold label is entailment or
contradiction, excluding those having the neutral label. Next, I evaluated the system
performance using the test split of the SICK dataset with the phrasal knowledge
extracted from the training and trial split.

I compared phrase abduction with different experimental conditions. No ax-
ioms is my system without axiom injection. W2W is my system with the previous
word abduction (Martinez-Gémez et al., 2017). P2P is my system with phrase ab-
duction; W2W+P2P combines phrase abduction with word abduction. W2W+RF is
my hybrid system using logical inference and the random forest model described in
Chapter 3.

In addition, I compared my system with three purely logic-based (unsupervised)
approaches: The Meaning Factory (Bjerva et al., 2014), LangPro (Abzianidze, 2015),
and UTexas (Beltagy et al., 2014). I also compared my system with machine learning-
based approaches: the current state-of-the-art deep learning model GRU (Yin and
Schiitze, 2017), a log-linear regression model SemEval-2014 best (Lai and Hocken-
maier, 2014), and a hybrid system combining a logistic regression model and proba-

bilistic logic PL+eclassif (Beltagy et al., 2016).

4.3.2 Extracted paraphrases

I extracted 9,445 axioms from the training and trial split of the SICK dataset. The
proving time average to extract phrasal axioms was only 3.0 seconds in per sentence
pair. My phrase-pair identification is a polynomial-time instance of the graph match-
ing problem where the vertex cover set (maximum number of variables in a phrase)
is bounded to a small constant (I ignored phrases with more than five predicates).
Regarding the complexity of variable unification, I only do first-order proving in the
SICK dataset, which is computationally fast. However, efficient higher-order theo-
rem proving is also possible if I restrict the higher-order constructions as described
by Huet (1975) and Mineshima et al. (2015).

Table 4.1 shows some examples of paraphrases I extracted from the natural de-

duction proof. In particular, the examples of verb phrases show my method has
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potential for capturing long paraphrases. Each paraphrase in Table 4.1 is not con-
tained in WordNet and PPDB. There are many instances of non-contiguous phrases
in the SICK dataset, in particular, verb-particle phrases. As shown in Table 4.1, my
semantic method can identify non-contiguous phrases through the variable unifi-
cation process, which is one of the main advantages over other shallow/syntactic
methods. In addition, Table 4.1 shows my method is not limited to hypernym or

hyponym relations, but is capable of detecting antonym phrases.
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4.3.3 Comparison with other systems

Table 4.2 shows the experimental results.

Prec. Rec. Acc.

W2W+RF 0.906 0.797 0.877
GRU - - 0.871
PL+eclassif — — 0.851

SemEval2014 Best Score 0.816 0.819 0.846
The Meaning Factory 0.936 0.606 0.816

LangPro 0.980 0.581 0.814
UTexas — — 0.804
W2W+P2P 0.842 0.773 0.843
W2W 0.971 0.636 0.831
P2P 0.856 0.721 0.830
No axioms 0.989 0465 0.767

TABLE 4.2: RTE results on the SICK dataset.

The results show that combination of word abduction and phrase abduction im-
proved the accuracy. When the W2W+P2P result is substituted for the W2W result,
there is a 0.011 increase in accuracy (from 0.831 to 0.843). The accuracy of P2P is
almost equal to that of W2W. This is because the recall improves from 0.636 to 0.721,
while the precision decreases from 0.971 to 0.856. The increase in false positive cases
appeared to cause this result; some details of false positive cases are described in the
next subsection. W2W+P2P outperformed other purely logic-based systems. The
machine learning-based approaches including my hybrid system W2W+RF outper-
formed W2W+P2P. Unlike these approaches, parameter estimation is not used in
my phrase abduction method. This suggests that my method has the potential to
increase accuracy by combining my hybrid system described in Chapter 3 with my

phrase abduction.

4.3.4 Positive examples and error analysis

Table 4.3 shows some positive and negative examples on RTE with the SICK dataset.
For ID 9491, the sentence pair requires the paraphrase from a field of brown grass
to a grassy area. This relation is not included in previous lexical knowledge bases.
The phrasal axiom injection can correctly generate this paraphrase from a natural
deduction proof and the system correctly proves the entailment relation.

ID 2367 is also a positive example of phrasal axiom injection. The phrasal axiom

between set fire to cameras and burn cameras with a blow torch was extracted from the
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following sentence pair with the entailment label:

Ty : Some cameras are being burned by a person with a blow torch

Hy : The person is setting fire to the cameras

This example shows that the semantic alighment succeeds in acquiring a general
paraphrase by separating logical expressions such as some from content words and
also by taking into account syntactic structures such as the passive-active alterna-
tion.

For ID 3628, the axiom shown in Table 4.3 was extracted from the following sen-

tence pair with the entailment label:

Ty : A woman is putting meat in a pan

Hy : Someone is dropping the meat into a pan

However, the phrase drop over does not entail the phrase drop into, and a proof for the
inference is over-generated in ID 3628. I extracted all possible phrasal axioms from
the training and trial split of the SICK dataset, so noisy axioms can be extracted as a
consequence of multiple factors, such as parsing errors or potential disambiguation
in the SICK dataset. One possible solution for decreasing such noisy axioms would
be to use additive composition models (Tian, Okazaki, and Inui, 2016) and asym-
metric learnable scoring functions to calculate the confidence of these asymmetric
entailing relations between phrases.
ID 96 is also an example of over-generation of axioms. The first axiom, Vy; (jump(y1)

— 3xq(in(y1, x1) A air(x1))) was extracted from the proof of Ty — Hj:

T1 : Achildin ared outfit is jumping on a trampoline

Hy : Alittle boy in red clothes is jumping in the air

The second axiom Vy;(man(y;) — biker(y;)) was extracted from the proof of T, —

H>:

T, : A manonayellow sport bike is doing a wheelie and a friend on a black bike is catching up

Hy : A biker on a yellow sport bike is doing a wheelie and a friend on a black bike is catching up
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Although these axioms play a role in the proofs of Ty — Hj and T, — H>, the wrong
axiom Vy;(man(y;) — biker(y;)) causes the over-generation of a proof for the in-
ference in ID 96. The correct axiom would instead be Vx;Vy; (man(y1) A on(y1, x1) A
bike(x;) — biker(y;)). In this case, it is necessary to bundle predicates in a noun-
phrase by specifying the types of a variable (i.e., entity or event) when making
phrase alignments.

For ID 408, the word explorer is not contained in the training and trial split and
hence the relevant axiom Vx; (explorer(x;) — people(x;)) was not generated. While
my logic-based method enables identification of semantic phrase correspondences
in a sentence pair in an unsupervised way, the next step is to predict unseen para-

phrases of this type.
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Chapter 5

Conclusion

5.1 Summary of thesis

In this thesis, I explored how to calculate textual entailment and similarity between
sentences using natural deduction proofs. My hypothesis is that observing proof pro-
cesses when testing the semantic relations is useful for capturing textual entailment and
similarity more precisely.

In Chapter 3, I developed a new hybrid approach to learning textual entailment
and similarity by using proof processes. I attempted a natural deduction proof with
my logical inference system, aiming to prove bidirectional entailment relations be-
tween sentences. Then, I combined logic-based features extracted from proof pro-
cesses for proving the bidirectional entailment relations with non-logic-based fea-
tures.

In Chapter 4, I developed a phrasal abduction mechanism with a careful treat-
ment of the theorem proving process. I proposed an automatic phrase abduction
mechanism to inject phrasal knowledge during the proof construction process. In
addition, I considered multiple alignments by backtracking the decisions on vari-
able and predicate unifications, which is a more flexible strategy. I represented log-
ical formulas using directed acyclic graphs, since this is a general formalism that
is easy to visualize and analyze. Then, I formalized a theorem proof routine and
variable unification using graphs. I detected phrase-to-phrase semantic relations be-
tween the sentences by finding alignments between the subgraphs of their meaning
representations when the proofs of an entailment relation or contradiction hold.

I summarize the findings of this thesis as follows:

1. Proof processes help to capture syntactic structures and logical relations in sen-

tences.
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2. Proof processes are effective features for STS and RTE tasks.
3. Proof processes can be useful for sentences with the neutral label.

4. Proof processes help to detect various phrasal knowledge.

Proof processes help to capture syntactic structures and logical relations
Experiment results showed that my hybrid approach to learning textual simi-
larity from proof processes achieved competitive performance on the semantic
textual similarity (STS) task. Experiment results also showed that my hybrid
approach could be applied to the recognizing textual entailment (RTE) task
and achieved state-of-the-art performance on the RTE task. The case analysis
indicates that my approach has the capability of reflecting the syntactic struc-
tures or logical relations in sentences, which outperformed state-of-the-art per-

formance.

Proof processes are effective features for STS and RTE tasks
The feature ablation study for both STS and RTE tasks showed that my pro-
posed logic-based features have more impact on improving the accuracy than
non-logic-based features. In particular, the evaluation results indicate that
proof processes are effective features for learning textual similarity and en-

tailment.

Proof processes can be useful for sentences with the neutral label
Experiments showed that the Pearson correlation of the “neutral” portion of
the SICK dataset was 0.766, which suggests that my hybrid approach can be
applied not only to sentence pairs with entailment/contradiction labels but

also to sentence pairs with neutral labels.

Proof processes help to detect various phrasal knowledge
Experiment results demonstrated that my phrasal abduction mechanism auto-
matically detects various phrase correspondences including antonym phrases
and non-contiguous phrases, which is one of the main advantages over other
shallow /syntactic methods. Experiment results also showed that the phrasal
abduction mechanism compensated for the lack of phrasal knowledge in logi-
cal inference and achieved the best performance in the RTE task among purely

logic-based approaches.
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5.2 Future work
In this section, I list future work directions related to this thesis.

Combination of a hybrid approach and a phrase abduction mechanism
One direction of the future work is to explore how to combine my hybrid ap-
proach described in Chapter 3 with phrase abduction described in Chapter 4.
To do that, we have to consider how to calculate the score of a phrasal axiom.
As shown in section 4.1, an additive composition model (Mitchell and Lap-
ata, 2010) is used for calculating the lexical similarity between phrases, though
this model is theoretically limited in that it only represents short phrases or
contiguous phrases (Tian, Okazaki, and Inui, 2016; Tian, Okazaki, and Inui,
2017). Thus, it is necessary to establish a precise method for calculating the
lexical similarity between various phrases, including long phrases and non-

contiguous phrases.

Expansion of language coverage
While the supported language of my hybrid approach is English, the orig-
inal inference system ccg2lambda also supports Japanese (Mineshima et al.,
2016). Thus, my hybrid approach can be enhanced to support Japanese with-
out difficulty. Also, the semantic representation is theoretically independent
of languages and another direction of the future work is to expand the list of

supported languages of my approach.

Improvement of a hybrid approach using neural network
In my hybrid approach, I manually implemented functions for extracting fea-
tures from proof processes. However, with the recent development of neural
network-based approaches, feature learning can be used for extracting features
from proof processes. Thus, another direction of the future work is to improve

feature extraction from proof processes using neural network.

Modification of a hybrid approach for other NLP applications
On the other hand, compared with neural network-based approaches, there
are two advantages of my hybrid approach: interpretability and customizabil-
ity. Regarding interpretability, my approach not only can assess the relevancy
of sentences but also explain the sources of similarity /entailment by referring

to information on sub-goals in the proof. Regarding customizability, we can
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easily customize each component of my hybrid approach (i.e., semantic pars-
ing, inference and knowledge injection) for many NLP applications; consider
applying my approach to a domain-specific sentence. We can reflect domain
characteristics into logical semantic representations by modifying semantic
templates. In addition, my axiom injection mechanism is available regardless
of kinds of lexical knowledge databases, and thus it is capable of injecting do-
main knowledge as axioms in logical inference. While machine learning-based
approaches generally require a large annotated dataset, my approach can do

these customizations regardless of the size of a dataset.

Given these two capabilities of interpretation and customization of my ap-
proach, another direction of the future work is to refine my method so that
it can be used in other NLP applications such as question answering, informa-
tion retrieval and text summarization. My approach potentially enables calcu-
lation of the semantic relations among multiple sentences, which may benefit
these applications. To apply my approach to question answering, we have to
consider how to map interrogative sentences to logical formulas. Interrogative
sentences can be also analyzed by CCG parsers and thus my approach can be
applicable to question answering systems by modifying semantic templates.
Regarding information retrieval and text summarization, my approach might
be applied by adding some functions for splitting long sentences into short

sentences or ranking the importance of sentences in the target text.
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