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Abstrak 

 

Teks adalah sumber pengetahuan manusia yang penting. Sistem menjawab soalan boleh 
mendapatkan semula fakta daripada sumber pengetahuan dan memberikan jawapan 
kepada pengguna. Menterjemah teks ke pangkalan pengetahuan adalah tugas yang 
sangat mencabar dan proses yang rumit. Teks Thai merupakan satu bentuk aliran aksara 
yang ditulis secara berterusan tanpa sebarang tanda baca atau penanda untuk 
memisahkan setiap perkataan dan setiap ayat dalam perenggan. Penyelidikan ini 
bertujuan untuk membangunkan rangka kerja menjawab soalan berasaskan semantik 
yang boleh mengendalikan fakta kabur dan menyasarkan sumber pengetahuan kepada 
teks Thai. Dalam membina sistem menjawab soalan Thai, analisis morfologi Thai 
merupakan komponen penting untuk memproses teks Thai. Peleraian elipsis dan 
anafora dalam teks Thai juga merupakan proses yang diperlukan untuk membina fakta 
lengkap daripada teks Thai. Penghurai semantik Thai ialah komponen teras untuk 
membina pangkalan pengetahuan dengan mengekstrak fakta daripada teks Thai ke 
dalam struktur bingkai semantik. Metodologi kajian ini terbahagi kepada 4 langkah. 
Pertama ialah membina analisis morfologi Thai yang tepat: segmentasi perkataan Thai 
dan segmentasi EDU Thai. Kedua adalah untuk membangunkan resolusi elipsis dan 
anafora untuk teks Thai untuk mencapai matlamat mencipta fakta lengkap dalam 
segmentasi EDU Thai. Ketiga ialah membangunkan penghurai semantik untuk 
membina pangkalan pengetahuan yang mengubah teks Thai menjadi perwakilan 
bingkai semantik. Keempat, membangunkan pengekstrakan jawapan untuk sistem 
menjawab soalan dengan padanan kabur untuk mengendalikan factoid kabur. Daripada 
kesemua jujukan proses, sistem menjawab soalan berasaskan semantik mencapai 
kejituan dan dapatan semula  yang tinggi iaitu 0.9892 dan 0.9484. Kesimpulannya, 
resolusi anafora dan elipsis adalah penting untuk mencapai pembinaan semantik yang 
tepat, manakala padanan kabur dengan ketara meningkatkan ingatan pengekstrakan 
jawapan. Bersama-sama, komponen ini penting untuk membina sistem menjawab 
soalan "Apa" dan "Berapa" yang mantap. 

 

Kata Kunci: Semantik, Sistem menjawab soalan, Resolusi anafora, Peruasan kata, 
Kabur. 
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Abstract 

 

Text is an important human knowledge source. The question-answering system can 
retrieve the fact from the source of knowledge and provide the answer to the user. 
Translating the text to the knowledge base is a very challenge task and complicated 
process. Thai text can be a form of character stream written continuously without any 
punctuation or marker to separate each word and each sentence in a paragraph. This 
research is aim to develop a semantic base question-answering framework that can 
handle the fuzzy factoid and target the knowledge source to Thai text. In building a 
Thai question-answering system, Thai morphological analysis is an important 
component to process Thai text. Ellipsis and anaphora resolution in Thai text is also the 
needed process for constructing the complete fact from Thai text. Thai semantic parser 
is the core component to construct the knowledge base by extracting the fact from Thai 
text into the semantic frame structure. The methodology of this research is divided into 
4 steps. First is building the accurate Thai morphological analysis: Thai word 
segmentation and Thai EDU segmentation. The second is to develop the ellipsis and 
anaphora resolution for Thai text to achieve the goal that is creating the complete fact 
in Thai EDU segmentation. The third is to develop the semantic parser to build the 
knowledge base that transforms the Thai text into a semantic frame representation. 
Forth is developed the answer extraction for the question answering system with fuzzy 
matching to handle the fuzzy factoid. From the pipeline of the processes, the semantic-
based question answering system performs high precision and recall to 0.9892 and 
0.9484. In conclusion, anaphora and ellipsis resolution are crucial for achieving precise 
semantic construction, while fuzzy matching significantly enhances answer extraction 
recall. Together, these components are essential for building robust "What" and "How 
many" question answering systems. 

 

Keywords: Semantic, Question answering system, Anaphora resolution, Word 
segmentation, Fuzzy. 
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CHAPTER ONE 

INTRODUCTION 

This chapter describes the brief information of this research that includes an overview, 

problem statement, research questions, research objectives, the scope of research, the 

significance of the research, and organization of the thesis. 

 

1.1 Overview 

Question answering system (QAS) is the research field that concerns with enabling the 

machine to give precise answers to the users who pose questions in the form of natural 

language. The purpose of QAS is to provide a natural interface (human language) for 

human-computer interaction (HCI) that helps humans to solve the problem in terms of 

the question and then gives the most satisfactory answer. Question answering system 

research attempts to deal with various kinds of questions including: fact, list, definition, 

reason, procedure, etc. 

 

Early research in question answering systems is based on a closed corpus and closed 

domain approach. for example, BASEBALL (Green et al., 1961); the database-oriented 

question answering system is developed to answer the questions about results, 

locations, and dates of a baseball game. However, this system works on the question 

that presents in a known domain and corpus and is hard to scale. Developing the open 

domain question answering system is a challenge in this area. Until today, the open 

domain question answering system is a high research area and some systems are 

proposed for example: MIT START (Katz, 1997; Katz & Lin, 2002; Katz et al., 2006), 
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IBM Watson (Ferrucci et al., 2010), Dr.QA (Chen et al., 2017), BERTserini (Yang et 

al., 2019) and WabiQA (Noraset et al., 2021). These systems are good to respond to the 

explicit factoid answer, however, there are the drawbacks in answer that is obscure and 

inferred. 

 

The question classification is the first phrase for a user to start working with the 

question answering system. This phase is responsible to classify the kind of expected 

answer and construct information for the answer extraction process (Li & Roth, 2002). 

To improve question classification to be more efficient, knowledge resources and 

language processing are needed to construct the class hierarchy (Bakhtyar et al., 2011) 

as background knowledge for the answer extraction process. 

 

Nevertheless, the source of the answer is also an important part of the question 

answering system. Besides text, World Wide Web (WWW) is an essential source of 

question answering system for extracting the answer (Kwok et al., 2001). QAST 

(Jitkrittum et al., 2009) is an example of QAS systems that have been proposed using 

Wikipedia as a source of the answer. However, WWW is an unstructured text that needs 

huge preprocessing to prune out unused information before the knowledge extraction 

process. 

 

For language-specific question answering systems in the particular Thai language, the 

morphological analysis is addressing the different problems in the English language. In 

Thai text, there are no whitespace or some clues between the word which is a word 

boundary problem. Word segmentation (Sutantayawalee & Supnithi, 2016) is needed 
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to separate each word into sentences before the knowledge extraction process. 

Moreover, anaphora resolution and name entity extraction are also crucial issues in Thai 

morphological analysis. 

 

Semantic-based analysis (Kongthon et al., 2011; Narayanan & Harabagiu, 2004; Shen 

& Lapata, 2007) is used to develop and improve question answering systems to get a 

more reliable answer. Question answering system with Semantic enrichment (Sun et 

al., 2015) is good for open domain question answering system. Knowledge-intensive 

question answering systems (Bao et al., 2014; Fader et al., 2014; Yih et al., 2015) tend 

to the direction of question answering system research for open domain question 

answering systems. The knowledge base is constructed for finding the answer with 

good accuracy and performance. Explicit factoid answers can be extracted directly from 

a knowledge source, however, some factoid answers can be taken by inference from 

existing knowledge by using semantic-based. 

 

Fuzziness is the new interesting topic in Natural Language Processing (NLP) research 

(Urrutià et al., 2017). The factoid can be formed in linguistics that is fuzzy, such as 

nouns, and adjectives (Novák, 2017b). Fuzzy logic will be an important tool to 

represent and process the semantics in some applications. Moreover, fuzzy logic is used 

in some processes of question answering systems such as answer ranking (Pota et al., 

2017) and ontology similarity (Rani et al., 2014). 
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This study aims to develop the semantic based question answering system that can deal 

with fuzzy factoid answer and to develop the knowledge extraction module that can 

extract knowledge from Thai textual sources automatically. 

 

1.2 Problem Statement 

A question answering system (QAS) is a useful tool for a human to find out the 

resolution to certain problems. An intensive knowledge question answering system 

consists of two parts: the knowledge extraction module and the answering module 

(Pereira et al., 2022). The knowledge extraction module is a crucial part to construct 

knowledge from various sources into knowledge representation. There are three issues 

that could be identified in knowledge extraction: morphological analysis, knowledge 

representation, and semantic analysis (Antoniou & Bassiliades, 2022). The answering 

module is the part for answering the user’s question from knowledge-based that is 

constructed by the knowledge extraction module. The answer can be the attribute of the 

object that can be the measured value and word value. The value can be in the form of 

a fuzzy word or range number. To gain more recall, the fuzzy value could be handled. 

Then, the interesting issue in the answering module is how to deal with the fuzzy factoid 

answer.  

 

Morphological analysis is the group of processes to analyze the structure of language. 

For Thai textual data, there are some issues that have to be solved: word boundary, 

sentence boundary, and named entity extraction (Tapsai et al., 2019). Morphological 

analysis is important to construct precise knowledge. The precision of morphological 

analysis will directly affect the precision of knowledge. 
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In languages such as Thai, Chinese, and Lao, there is no space or clue word used for 

separating each word. Word segmentation is the first process for finding the boundary 

of words in every sentence from textual data. The accuracy of word segmentation is an 

important factor obtain precise knowledge. However, there is some successful Thai 

word segmentation research (Kongyoung et al., 2015; Kruengkrai et al., 2006; 

Sudprasert & Kawtrakul, 2003) that can be considered in the morphological analysis. 

The Condition Random Fields (Lafferty et al., 2001) together with the dictionary base 

is performed with good results in Thai word segmentation. However, it still needs to 

improve its performance to produce the accurate answer to the question answering 

system. 

 

Sentence boundary is also an important part of the Thai morphological process. The 

discourse clue and syntactic information (Chareonsuk et al., 2005) is used to find the 

boundary of discourse unit in Thai sentence. However, improvement is needed for 

practical development in the question answering system. 

 

Named entities are essential for question answering systems to give the factoid answer 

that involved with object: person, animal, organization, location, etc. The accuracy of 

the named entity extraction process affects the accuracy of the question answering 

system directly. The wrong answer, that is a named entity, can be given as a result of 

using an inaccurate name entities module. Anyway, there are some researches 

(Chanlekha & Kawtrakul, 2004; Charoenpornsawat et al., 1998; Sutheebanjard & 

Premchaiswadi, 2009) that are successful in the broad domain that can be considered. 
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Some machine learning such as Winnow and the Maximum Entropy Model is applied 

to identify the boundary of the Thai named entity with good results. However, the less 

complex algorithm such as the template matching technique can be a good option for 

Thai named entity identification. 

 

Anaphora & ellipsis are interesting phenomena in language that are an essential part of 

the discourse process. The factoid answer may be in form of anaphora or ellipsis which 

is able to identify the answer’s object. In Thai textual sources, there are three major 

anaphora types that are concerned: Nominal, Pronominal, and Zero anaphora. The 

anaphora and ellipsis resolution is needed to identify the object in a sentence with 

precision to build precise knowledge. There is the resolution for zero anaphora 

resolution (Aroonmanakun, 2000) in this research area. A centering theory (Grosz et 

al., 1995) is applied to resolve the zero anaphora in Thai text. The result is acceptable 

in their experiments. There is still no experiment on the other type of anaphora. The 

ellipsis of the owner in Thai text also needs to resolve to complete the information in 

the sentence. Then, the completion of anaphora and ellipsis is needed to complete the 

knowledge extraction process. 

 

Some Thai question answering system is developed and handled in some morphological 

analysis. QAST (Jitkrittum et al., 2009) is the Thai Question Answering System that 

uses the knowledge source from Thai Wikipedia. The system constructed the 

knowledge from Wikipedia’s infoboxes to Resource Description Framework (RDF) 

(Lassila & Swick, 1999) and also used the textual search index as a subsystem. This 

system not used complex NLP techniques to identify the answer from the knowledge 
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and then the accuracy is the issue. The Ontology-based question answering system in 

tourism (Kongthon et al., 2011) is proposed by using the predefined ontology in the 

tourism domain. It utilized pattern matching to analyze the question and generate the 

query to find the answer from ontology. This system has not constructed the ontology 

automatically which is hard to scale and it is domain specific. 

 

To achieve the high-performance result in the Thai morphological process, the 

development of the Thai corpus is a crucial part of Thai NLP research. Thai corpus 

contains the necessary information depends on its purpose and domain. Orchid corpus 

(Sornlertlamvanich et al., 1999) is the very first corpus that is developed to experiment 

the process of tokenization and word segmentation. This corpus contains the 

information that is only needed for the word segmentation process. The parallel corpus 

such as TALPCo (Nomoto, 2019) consists of the Japanese language and its translation 

is developed for its own purpose. To accomplish the objective in the study, the corpus 

development is needed for serve the purpose in each process of study. 

 

Semantic-based analysis (Kaisser & Webber, 2007; Narayanan & Harabagiu, 2004; 

Shen & Lapata, 2007) is used to improve the precision of the question answering system 

by utilizing synonym and thematic roles. Each sentence is processed to construct the 

semantic structure in form of predicate logic or frame to represent the semantic concepts 

and semantic relations. Explicit factoid answer is possible to identify by the semantic-

based question answering system. However, factoid answer that is not explicit and 

obscure is difficult to identify without inference and fuzzy theory. To develop the 

question answering system, that gives the precise answer, complex NLP technique, 
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such as discourse analysis and semantic analysis, is needed to capture the semantics 

from the textual source and also is able to scale the knowledge-based automatically. 

The knowledge can be extracted from various textual sources. The renewed knowledge 

could be reconstructed by merging the existing knowledge with new knowledge. The 

definition answer is the example that needs to reconstruct new semantics each time that 

new knowledge emerges. Moreover, some knowledge could be inferred from the 

existing knowledge. The problem is how to produce precise knowledge from the 

existing knowledge with new knowledge. 

 

Knowledge representation is crucial in the question answering system. In most question 

answering systems, the answer is explicit in data sources, but there are some data that 

are obscure values such as numeric range data and linguistic symbol data that are fuzzy 

data (Novák, 2017b; Urrutià et al., 2017). Thus, the semantics that is extracted from 

natural language textual source normally can be obscure and contain fuzzy data (Zadeh, 

1965, 1988, 1999). The knowledge representation should be able to compute the value 

with fuzzy to extract the most precise answer to the user. However, fuzzy logic is used 

for some purposes of question answering systems such as answer ranking (Pota et al., 

2017) and ontology similarity (Rani et al., 2014). Semantic networks (Sowa, 2014) are 

commonly used to represent knowledge in Artificial Intelligent (AI) research. However, 

the variable that is used in logic is hard to formulate in fuzzy functions. The frame-

based representation (Andrade et al., 2014; Tettamanzi, 2003; Zadeh, 1989) is more 

suitable to represent knowledge that contains fuzzy data. The knowledge that is 

extracted from natural language always contains obscure data and the knowledge 

representation could be able to compute the fuzzy data. 
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In a summary, Thai morphological analysis is highly researched and we can consider 

repeating the development. The major problem in Thai morphological analysis for the 

question answering system is that there is still no complete anaphora & ellipsis 

resolution. To build the precision knowledge extraction process, the ellipsis and all of 

the anaphora resolutions are needed. The problem to create the precise answer is that 

the precise answer can not be constructed without using semantic reconstruction, thus, 

knowledge merging and inference are needed in the knowledge reconstruction process. 

Lastly, semantics that is constructed from natural language sources can contain some 

values with words that make the value obscure (Novák, 2017b). 

 

1.3 Research Questions 

The main question of this research is about how to develop the question answering for 

the Thai language with automatic analysis and construct knowledge based on Thai 

textual sources. The main question can be detailed by the following sub-questions: 

1. How to resolve the anaphoric reference and textual ellipsis in Thai textual sources 

for knowledge extraction process. 

2. How to analyze and construct the adequate semantic to provide a precise answer from 

Thai textual sources. 

3. How to represent and formulate the obscure value from natural language sources to 

semantic structure. 

4. How to extract the precise answer from semantic structure dealing with fuzzy factoid 

answer. 
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1.4 Research Objective 

The main objective of this research is to develop a semantic-based question answering 

framework for fuzzy factoid answer from Thai textual sources. To achieve the main 

objective, the framework has to be developed by certain modules: morphological 

module, semantic parsing module, and question answering module. Moreover, the main 

objective can be formulated by the following sub-objectives: 

1. To integrate the ellipsis resolution algorithm with the anaphora resolution algorithm 

for nominal, pronominal and zero anaphora from Thai textual source with accepted 

result. 

2. To develop semantic parser for semantic based question answering framework from 

Thai textual sources. 

3. To formulate frame-based for knowledge representation that handle the fuzzy factoid 

for semantic based question answering framework from Thai textual sources. 

4. To develop semantic based question answering framework from Thai textual sources 

dealing with fuzzy factoid answer. 

5. To evaluate the question answering framework by comparing with the criteria of 

with/without ellipsis and anaphora resolution and with/without using fuzzy logic. 

 

1.5 Scope of Research 

This research is aim to develop the semantic-based question answering system for the 

Thai language in the open domain. The question type in this system focus on factoid 

(Ranjan & Balabantaray, 2016) question: entity, location, date-time, and property. The 
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source of knowledge is focused on Thai unstructured textual sources. Thai Wikipedia 

is used as the data source for development. 

 

1.6 Significance of Research 

The significance of this research could be anticipated to provide theoretical 

contributions as below. 

• First is the algorithm for ellipsis and anaphora resolution for Thai to enhance 

the discourse analysis in Thai NLP research and push it forward to a higher 

level. 

• Second is the mechanism of a semantic-based question answering system that 

deals with fuzzy factoid answers. 

 

The practical contributions are provided below. 

• First is the semantic parser for Thai that can be acquired the knowledge and 

handle the factoid answer with fuzzy from Thai textual sources. 

• second is a semantic-based Thai question answering system that deals with 

fuzzy factoid answers. 

 

In addition, the resources (training model, semantic dictionary, etc.) that are used in this 

research could be distributed to the public to be used or adapted in other research. 
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CHAPTER TWO 

LITERATURE REVIEWS 

This chapter describes the issues in the overview of components of question answering 

system with natural language processing emphasized especially for the Thai language 

and also reviews the technique used in each issue. Consequently, the advantage and 

disadvantages are also described in this review. 

 

2.1 Overview 

The question answering system (QAS) can be divided into two approaches: data-

intensive approach and knowledge-intensive approach (Jitkrittum et al., 2009). Data-

intensive question answering system is not required to perform a complex NLP 

technique. The system uses a mathematical model especially probabilistic to analyze 

the amount of data and identify the answer from a piece of data. Knowledge-intensive 

question answering system highly uses NLP techniques to analyze and understand the 

question and find the exact answer. The system could work on background knowledge 

such as ontology and semantic lexicon to analyze natural language to logical form to 

construct the knowledge-based for querying the answer (Bordes et al., 2015; Usbeck et 

al., 2015; Yao, 2015). 
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Figure 2.1. Overview of QAS in data-intensive approach 

 

Figure 2.1 shows the overview of the question answering system in a data-intensive 

approach. The question is analyzed to generate the query statement to retrieve the 

documents that are relevant to the question from document collection or internet 

sources. After that, the candidate documents are processed by using a heuristic process 

to identify the candidate answers. Then, the candidate answers are ranked to find the 

best answer and deliver it to the users. This system is not complex and is easy to scale 

up. However, the performance depends on the document retrieval process and the 

precision of answers is a big issue for this system compared to knowledge-intensive 

question answering systems. 
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Figure 2.2. Overview of QAS in knowledge-intensive approach 

 

Figure 2.2 shows the overview of the question answering system in the knowledge-

intensive approach. Knowledge-intensive question answering systems translate textual 

data from textual sources into knowledge representation by using a knowledge 

extraction module and then store knowledge in knowledge storage. The knowledge 

extraction module consists of many NLP processes such as morphological analysis, 

syntactic analysis, and semantic analysis to create the knowledge-based for question 

answering system. The question from users, which poses in form of natural language, 

is analyzed to find the type of answer and translate to logical form by the question 

classification module. After that, the query explanation module identifies the exact 

answer from knowledge-based and then deliver the answer to a user in the proper form. 
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Morphological analysis is the process to analyze raw text from textual sources at the 

word level. Words will be recognized and processed to tag the part of speech. 

Subsequently, the named entities and anaphora resolution are significant parts to 

complete the structure of syntactic in its sentence. Then, The syntactic analysis will 

construct the syntactic information from the sentence by using the parsing technique. 

After that, the semantic analysis constructs knowledge based by creating the semantic 

structure from syntactic information. 

 

In the Thai language, words in sentences are not separated by space or any clues. Hence, 

the word segmentation process is an important process to separate the words in a 

sentence before sending it to the next step. The named entities in the Thai language can 

be formed by clue words or all words are unknown words. Then, the named entities 

extraction module should process and extract named entities with high accuracy that 

influence the whole system. Most research in Thai natural language processing is 

hugely working in the morphological processing (Chanlekha & Kawtrakul, 2004; 

Kawtrakul & Thumkanon, 1997; Kruengkrai et al., 2006; Sornlertlamvanich, 1993; 

Sudprasert & Kawtrakul, 2003). All of the morphological analyses will be described in 

detail in Section 2.2. 

 

After the word segmentation and named entities extraction are finished, the syntactic 

analysis plays an important role to construct the syntactic information. The semantic 

information will be identified from syntactic information by using a semantic dictionary 

and ontology as background knowledge to construct the knowledge from the sentence 

into knowledge representation. Eventually, The knowledge is collected in the 
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knowledge storage for use in the answer extraction process by the question answering 

system. 

 

The data intensive approach can be done without the semantic construction that needs 

a complex natural language analysis. However, the precision is not high because the 

answer just comes from the ranking of the relation between the word in question and 

documents. The knowledge intensive approach needs a more complex process to 

construct the knowledge base however, the higher precision is worth to be done. 

Moreover, the knowledge base can be used for other applications such as the expert 

system and knowledge discovery research. 

 

2.2 Morphological Analysis in Thai Text 

The morphological analysis of the Thai language is an essential component of the 

knowledge-intensive approach question answering system that processes Thai text for 

word segmentation, named entities extraction, and also ellipsis and anaphora resolution 

with high accuracy. The accuracy of the morphological analysis is influenced by the 

precision of the whole system since knowledge structuring to answer extraction. The 

anaphora resolution will be reviewed in Section 2.4 and this section reviews word 

segmentation and named entity extraction in Thai NLP research. 
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2.2.1 Corpus Resources 

It is more than three decades-long history (Arreerard et al., 2022), that Thai NLP 

research is active in developing the tools, resources, and knowledge. The process in 

Thai morphological analysis can be successful with reliable and comprehensive of Thai 

NLP resources such as the Thai corpus and Thai lexical database. The Thai NLP 

resource development can be developed for different purposes and domain usage. That 

made the various corpus development in the different methodologies and also the detail 

in corpus such as the tagging set and the annotation. 

 

The very first corpus is developed for improving the process of tokenization and word 

segmentation such as Orchid (Sornlertlamvanich et al., 1999). The corpus contains 

content from encyclopedias, news, and novels and was annotated with word boundaries 

and sentence boundaries. The named entity information can be additionally annotated 

in some corpus such as Thai-Nest (Theeramunkong et al., 2010), Nattadaporn 

(Lertcheva, 2010), and LST20 (Boonkwan et al., 2020). The LST20 is also annotated 

with more information: part of speech, word boundaries, sentence boundaries, and 

clause boundaries. The Thai syntactic dependency information was annotated in 

Blackboard Treebank which featured dependency structures, syntactic constituency 

structures, word boundaries, named entities, clause boundaries, and sentence 

boundaries. TALPCo (Nomoto, 2019) is a parallel corpus that contains the Thai 

language. The corpus consists of Japanese sentences together with their translations 

into eight languages, the Thai language is one of them. There still be many corpus that 

are developed for various purposes and different domains. The exhaustive list of Thai 

corpus resources is shown in Table 2.1. 
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Table 2.1 

Exhaustive list of Thai corpus resources (Arreerard et al., 2022) 

Corpus Developer Data Size 

BEST NECTEC 5 million words 
HSE Thai HSE School of 

Linguistics 
50 million tokens 

LST20 NECTEC 3 million words, 288,020 Named 
Entities 

Nattdaporn Nattadaporn Lertcheva 178,474 words, 2,463 Named 
Entities 

Nutcha Nutcha Tirasaroj 367,673 words, 16,179 Named 
Entities 

Sasiwimon Sasiwimon Kalunsima 80,513 words, 2,954 Named 
Entities 

VISTEC-2021 VISTEC and CMU 3.39M words, 49,997 sentences 
Wongnai-corpus Thongthanomkul et al. 500,000 unique words, 39,999 

reviews 
Thai-Nest NECTEC 45,000+ Named Entities 
ClickBait Wannaphong 

Phatthiyaphaibun 
350 sentences 

Mt-opus VISTEC 5.4 million sentence pairs 
Orchid NECTEC 30,000 sentences 
Prachathai Phatthiyaphaibun et al. 67,000 sentences 
TALPCo Nomoto et al. 1,372 sentences 
Thai Universal 
Dependency 

UD Thai PUD 1,000 sentences 

Thai Wiki QA NECTEC 17,000 sentences 
Thai Literature 
Corpora (TNHC set) 

Jitkapat Sawatphol 756,478 lines, 47 documents 

Toxic tweet Sirihattasak et al. 3,300 tweets 
Wisesight Suriyawongkul et al. 26,737 messages 
Thai QA NECTEC 4,000 questions 
Thai-joke-corpus iApp Technology 449 jokes 
Prime Minister29 Phatthiyaphaibun et al. 6 documents, 338KB 
Thai Plagiarism NECTEC 1,050 plagiarism texts, 554MB 

Source docs 
Scb-mt-en-th-2020 VISTEC and SCB 1 million Thai-English texts 
Blackboard Treebank NECTEC 130,561 Trees 
Wikipedia dumps Wikipedia 2.08GB 
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2.2.2 Word Segmentation 

Work on Thai word segmentation started in the 1980s. Thai word segmentation starts 

with using the matching algorithm with a dictionary-based to identify the word 

boundary. Poowarawan (1986) used the dictionary based on the longest matching 

algorithm to solve word boundaries in Thai sentences. This work used a dictionary that 

contains all Thai words as internal data and find word boundaries for each word in a 

sentence by implementing the longest matching algorithm. With dictionary-based, it is 

no need to use any training data, and easy to implement. However, this algorithm cannot 

identify and works if there is an unknown word that is not contained in the dictionary. 

Dictionary should be built with high comprehensive to use in the real problem. 

Sornlertlamvanich (1993) proposed the maximum matching algorithm for Thai word 

segmentation. This work splits a sequence of characters into all possibilities of 

segmentation based on a word set and selects the segmentation path with the lowest 

number of segmentation tokens. This algorithm has also used the dictionary based to 

match the segmentation tokens in each sentence. The matching algorithm is also 

implemented in some Asian languages due to the low resources and computation is a 

major concern. Htay and Murthy (2008) proposed the syllable level longest matching 

to identify the word boundary in Myanmar text. This technique works well with low 

resources for Myanmar corpus. Srithirath and Seresangtakul (2013) presented the 

longest syllable level matching to recognize the Lao-named entities from the syllable 

level of words. However, the matching algorithm does not have high precision to 

perform the highly accurate NLP. 
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Machine learning is used to increase the precision of word segmentation. The statistical 

approach is started in 1997. Kawtrakul and Thumkanon (1997) proposed the statistical 

approach based on the tri-gram Markov model. This work used a dictionary-based in 

the first step to generate all possibilities of the sequence of words in the sentence. Then, 

the next step used the tri-gram Markov model to make a decision that which sequence 

of the word is the right segmentation with part of speech tagging. However, by using 

of tri-gram Markov model, the size of the training corpus is crucial to training the 

model. The training corpus must be comprehensive and big enough for training to use 

in that domain. Aroonmanakun (2002) proposed the maximum collocation approach to 

determine the word combination from the sequence of syllables. This work started with 

generating the sequence of syllables from sentences with a syllable pattern matching 

technique. After that, the word will be constructed from syllables by finding the 

maximum collocation of each syllable. However, the training corpus is still needed to 

find the maximum collocation. Sudprasert and Kawtrakul (2003) proposed the 

unsupervised learning model with global and local data in the corpus. This work also 

used dynamic programming techniques to improve the training speed of the model. 

Kruengkrai et al. (2006) used the Conditional Random Field (CRF) algorithm for 

training a word segmentation model. The CRF machine learning has shown a result that 

is better than other machine learning models for the task of labeling and segmenting 

sequence data (Lafferty et al., 2001; Peng et al., 2004). In the first step, the possibilities 

of word segmentation are produced by using the combination of the longest matching 

algorithm and backtracking technique. In the last step, this work used the CRF 

framework to select the optimal path from word and part of speech tagging. Kongyoung 

et al. (2015) also used CRF integrated with three dictionaries in pre-processing and 

post-processing phrases to improve the accuracy of the word segmentation with an 
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impressive result. The CRF also works well in some Asian language. Pa et al. (2016) 

experimented the word boundary identification for Myanmar text that compared 

between CRF technique with the method based on the maximum matching method. The 

results revealed that the CRF technique performed a higher F-score than the maximum 

matching method. Vanthanavong and Haruechaiyasak (2011) experimented with Lao 

word segmentation using the CRF technique. The corpus size is 100,000 words for 

training. The CRF technique compares the performance with the dictionary-based 

technique and the results revealed that the CRF has higher precision and recall score. 

Boonkwan and Supnithi (2017) used a recurrent neural network model of deep learning 

technique by using the integration of two-level backoff models and character-level 

contexts to process the word segmentation and part of speech tagging. They have 

experimented with Thai and Chinese languages. The results reveal that the model 

significantly improves the overall accuracy of word segmentation. 

 

The overview of Thai word segmentation work is done by using longest matching and 

maximum matching with a dictionary in the first era and then the machine learning 

technique is coming to gain more accuracy with various kinds of machine learning. 

Table 2.2 shows the summary of word segmentation research. 
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Table 2.2 

Summary of word segmentation research 

Technique Description Advantage Disadvantage Reference 

 

Dictionary 
based 

make predefined 
data into a words 
dictionary and 
used the matching 
algorithm to 
identify the 
sequence of the 
word in the 
sentence. 

No training 
requires. 
Easy to 
implement. 

Cannot 
identify the 
unknown 
word. 
Dictionary 
must be 
comprehensive
. 

Poowarawan 
(1986) 
Sornlertlamvanic
h (1993) 

Tri-gram 
Markov 
Model 

Used probabilistic 
model to make a 
decision that 
which sequence 
of the word is the 
right 
segmentation. 

Fast 
segmentati
on process. 

Needed big 
data training 
set. 
Training data 
may be not 
comprehensive
. 

Kawtrakul and 
Thumkanon 
(1997) 

Maximum 
Collocation 

Used maximum 
collocation 
technique to 
choose the right 
segmentation 
from all 
possibilities of the 
sequence of 
syllables. 

Fast 
segmentati
on process. 

Needed 
training data 
and syllable 
rules set that 
should be 
comprehensive 
and accurate. 

Aroonmanakun 
(2002) 

Conditional 
Random 
Field 

Used Condition 
Random Field 
learning model to 
identify the best 
segmentation 
from the sequence 
of words. 

High 
accuracy. 

Needed 
training data 
that should be 
comprehensive
. 

Kruengkrai et al. 
(2006) 
Kongyoung et al. 
(2015) 

Deep 
Learning 

Used a recurrent 
neural network  
model of deep 
learning 
technique to 
predict the word 
boundary. 

High 
accuracy. 

Needed 
training data 
that should be 
comprehensive 
and high 
computation 
hardware. 

Boonkwan and 
Supnithi (2017) 
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The conditional random fields (CRF) perform very well with less effort of intense 

computation compare with the deep learning technique. However, the additional 

process to correct some wrong segmentation by merging words and approved by the 

dictionary can be a good idea to increase the precision of the word segmentation. After 

finishing the word segmentation process, named entity extraction is the next process to 

identify the entity that appears in the sentence by using the information from word 

segmentation and part of speech tagging. 

 

2.2.3 Named Entity Extraction 

Named entity extraction is an important part of the question answering system. The 

named entity is the object such as person, organization, location, etc., that can be a 

factoid answer of the question answering system. A good accurate named entity 

extraction can improve the accuracy of the question answering system. 

 

Charoenpornsawat et al. (1998) used Winnow algorithm (Blum, 1997) for Thai Named 

Entity identification with the feature-based approach. The features such as context 

words, collocation, part of speech tagging, and heuristic information from the 

dictionary are used to generate named entity candidates and also solve named entity 

boundaries. However, this experiment used the corpus that segments words and part of 

speech tagging manually by the linguist. 

 

Chanlekha and Kawtrakul (2004) used Maximum Entropy Model and heuristic 

information together with the dictionary to extract the Thai-named entity. The 
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combination of rules-based, dictionary-based, and statistical-based are used to predict 

the boundary of a named entity and also to identify the named entity type such as a 

person, organization, and location. However, this work needed a big corpus for training 

and the corpus must be comprehensive. The Maximum Entropy-based named entity 

recognition also works well in some languages. Riaz et al. (2020) experimented with 

the Maximum Entropy-based named entity recognition in the Urdu language. The 

challenges for the Urdu language are that there is no word capitalization, borrowed 

words, and ambiguous acronyms. The results show the good performance of precision 

and recall measures. Benajiba et al. (2007) presented ANERsys which is an Arabic 

language named entity recognition based on the Maximum Entropy model. The 

important characteristics of the Arabic language are that a character may have up to 

three different forms, Arabic does not have a capital letter and very complex 

morphology. The results shown that performance is good for some kind of named 

entity. 

 

Sutheebanjard and Premchaiswadi (2009) used rule-based and front-rear context to 

identify Thai personal names without using word segmentation and also part of speech 

tagging. This experiment is in the corpus in the domain of political, financial, and sports 

articles. The result is good in the political and financial domain because the pattern of 

text that appears in the domain is not in a different form. However, in the sports domain, 

the model is not performing well. 

 

The research in named entity extraction is ongoing research and needs to improve its 

accuracy. The named entity in the Thai language can be formed by a common word, an 
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unknown word, or both. Accuracy in Thai named entity extraction is very challenging. 

Table 2.3 shows the summary of Thai name entity extraction research. 

 

Table 2.3 

Summary of Thai named entity extraction research 

Technique Description Advantage Disadvantage Reference 

 

Winnow 
Algorithm 

Used 
Winnow 
algorithm to 
generate 
named entity 
candidate and 
solve the 
named entity 
boundary. 

Can identify 
the proper 
name that 
contains 
various forms 
of known 
words and 
unknown 
strings, 
High 
accuracy 

Training 
corpus must be 
segmented 
words and 
tagged POS by 
an expert 
linguist 
manually. 

Charoenpornsawat 
et al. (1998) 

Maximum 
Entropy 
Model 

Used 
Maximum 
Entropy 
Model to 
predict the 
boundary of 
named entity 
and type of 
named entity. 

Can detect 
the type of 
proper name 
without using 
POS tagging, 
Good 
Accuracy. 

Training 
corpus must be 
big enough and 
comprehensive. 

Chanlekha and 
Kawtrakul (2004) 

Rules 
Based 

Used Rule-
based to 
identify Thai 
personal 
names 
without word 
segmentation. 

Can extract 
Thai personal 
name without 
using word 
segmentation, 
Easy to 
implement. 

Perform not 
well in some 
domains. 

Sutheebanjard and 
Premchaiswadi 
(2009) 

 

Word boundary and named entity are identified in the overall morphological analysis. 

The next step is that all information is sent to the syntactic analysis to create the 

syntactic structure. 
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2.3 Syntactic Analysis 

The syntactic parser is a process to analyze the syntactic structure in a sentence. After 

the morphological analysis process is done, The syntactic structure will be analyzed by 

using information from morphological analysis such as word boundary and name 

entities. Grammar rules are the essential component of the syntactic parser that is used 

to identify the syntactic structure in each sentence. Thai syntactic parser is very rare 

research and mostly used in a small work (Aroonmanakun, 1989; Tongchim et al., 

2008). The parser can be categorized into 2 types: dependency parser and context-free 

grammar parser. 

 

2.3.1 Dependency Parser 

A dependency parser is a syntactic analyzer that establishes the relationship between 

headwords and words that modify the headword. Dependency structure can be defined 

as a directed graph in that words are nodes and relations are edges. Figure 2.3 shows 

the example of dependency structure. 
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Figure 2.3. Example of dependency structure 

 

LR parser (Knuth, 1965) is proposed for an efficient left-to-right parsing algorithm. LR 

algorithm process in bottom-up strategies by applying shift-reduce techniques. 

 

McDonald et al. (2005) proposed non-projective dependency parsing by using spanning 

tree algorithm (Edmonds, 1967). This parser can reduce time complexity from O(n3) to 

O(n2) from Eisner (1996) probabilistic dependency parsing by utilizing the spanning 

tree algorithm. Figure 2.4 shows the maximum spanning tree finding algorithm. 
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Figure 2.4. Algorithm for finding maximum spanning trees in directed graphs 
(McDonald et al., 2005) 

 

Recurrent neural networks with long short-term memory units (LSTMs), which are 

called stack LSTMs (Ballesteros et al., 2016, 2017; Dyer et al., 2015), are introduced 

in dependency parsing. This parser computes character-based continuous-space vector 

embedding of words using bidirectional LSTMs. The results are stronger for 

agglutinative languages, such as Basque, Hungarian, Korean, and Turkish. 

 

2.3.2 Context-free Grammar Parser 

Context-Free Grammar (CFG) is a set of production rules that describe all possible 

strings in a given formal language. The CFG is in form of a phrase-structure grammar 
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that is a rule to describe how a phrase structure is constructed from words. Figure 2.5 

shows the example of CFG. 

 

 

Figure 2.5. Example of Context-Free Grammar 

 

Chomsky (1956) proposed the finite state machine to analyze the syntactic structure of 

English by applying finite state grammars in form of a phrase-structure grammar. This 

algorithm is a deterministic process that can be run in time complexity because the rules 

can be recursive. 

 

CYK parsing algorithm (Cocke, 1970; Kasami, 1965; Lange & Leiß, 2009; Younger, 

1967) is developed by applying dynamic programming techniques to reduce the time 

complexity of the parsing process. CYK algorithm solved the syntactic structure from 

CFG with bottom-up strategies. Grammar rules in the CYK algorithm must be 
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Chomsky Normal Form (CNF). Figure 2.6 shows the pseudocode of the CYK 

algorithm. 

 

 

Figure 2.6. Pseudocode of CYK algorithm (Lange & Leiß, 2009) 

 

Earley (1970) proposed the parsing algorithm that applies dynamic programming to 

reduce time complexity with top-down strategies. Grammar rules in the Earley 

algorithm are not necessary for CNF. Figure 2.7 shows the pseudocode of Earley 

algorithm. 
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Figure 2.7. Pseudocode of Earley algorithm (Jurafsky & Martin, 2009) 

 

Pingali and Bilardi (2015) proposed a graphical model for CFG parsing. They presented 

a graphical representation of CFG called the Grammar Flow Graph (GFG) that permits 

parsing problems to be phrased as path problems in graphs. Figure 2.8 shows the 

Grammar Flow Graph. 
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Figure 2.8. Grammar flow graph (Pingali & Bilardi, 2015) 

 

2.3.3 Syntactic Analysis in Thai text 

The research in natural language processing in Thai is mostly focused on morphological 

analysis until nowadays. Research in Thai syntactic analysis is very limited. The very 

first work in Thai syntactic analysis is in the master thesis by Aroonmanakun (1989). 

However, this work is done with a very small corpus (50 sentences). 
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Satayamas et al. (2005) have developed the processes for Thai tree bank construction. 

A tree bank of 400 sentences is used in this work which is quite small. 

 

Tongchim et al. (2008) has developed a dependency parser for Thai that is a part of an 

ongoing project in developing a syntactically annotated Thai corpus. This work used 

some machine learning such as support vector machines (Chang & Lin, 2001; Yamada 

& Matsumoto, 2003) and maximum entropy model (Ratnaparkhi, 1999) to determine 

the sequences of actions in the parser. To find the best dependency structure, the search 

algorithm is proposed that is shown in Figure 2.9 

 

 

Figure 2.9. Algorithm to find the best dependency structure (Tongchim et al., 2008) 
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Research in this area is still rare and needs more work to succeed. However, the 

development of syntactic annotates corpus is ongoing in several organizations that will 

be a very good source for making the better parser and syntactic analysis research area. 

 

2.4 Ellipsis and Anaphora Resolution 

Anaphora is a language instrument that is used for referring to the object that used to 

be introduced before in a previous sentence. The use of anaphora is a normal 

phenomenon in natural language. To construct the knowledge from the sentence, the 

anaphora must be resolved that which object it is referred to. 

 

There are many kinds of anaphora in natural language. The very interesting kind of 

anaphora in the Thai language is zero anaphora. Zero anaphora is the disappearing of a 

noun phrase, that is used to introduce before, in a sentence for referring to the object. 

Figure 2.10 shows the example of zero anaphora in Thai language. 

 

 

Figure 2.10. Example of zero anaphora in the Thai language 
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There is a research of Thai zero anaphora resolution (Aroonmanakun, 1997, 2000) by 

utilized the centering approach (Di Eugenio, 1990, 1996; Grosz et al., 1983; Walker et 

al., 1990, 1996). The centering theory is a computation model to consider the local 

coherence in a discourse segment. However, this work is tested on a very small corpus. 

 

Textual ellipsis is a phenomenon in the Thai language in that some prepositions in a 

noun phrase disappear from the sentence but are still able to understand what it refers 

to. Textual ellipsis occurs many times in the Thai language as usually. Figure 2.11 

shows the example of textual ellipsis in Thai language. 

 

 

Figure 2.11. Example of textual ellipsis in the Thai language 

 

To construct the complete knowledge from the sentence, zero anaphora and textual 

ellipsis have to resolve to find the complete semantic. Kongwan and Kawtrakul (2005) 

developed the system that extracts object properties from Thai text. This project 

proposed the ellipsis resolution algorithm in Thai text that was tested in agriculture 

domain text. Figure 2.12 shows the ellipsis resolution algorithm. 
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Figure 2.12. Ellipsis resolution algorithm (Kongwan & Kawtrakul, 2005) 

 

However, there is very little research in anaphora and ellipsis resolution that have done 

in this area. An improved algorithm is needed to be done and is still in ongoing research 

in this field. Machine learning can be utilized with the relevance feature from the 

context of the text and could be an interesting study to improve the anaphora and ellipsis 

resolution in Thai text. 

 
Input : S is the current sentence 
Output : S is the solved sentence 
 
EllipsisRes(S): 
1 N = getSubject(S) 
2 if N is no possession preposition: 
3     Sp = getPreviousSubject(Sp) 
4     if N is “part, piece” or “plant part” sense: 
5         while Sp != null: 
6             I = getPreviousSubject(Sp) 
7             if N is same I: 
8                 if I is no prep(I): 
9                     Sp = getPreviousSentence(Sp) 
10                   continue 
11               addPrep(N,prep(I)) 
12               return S 
13           else if N is meronym of I: 
14               addPrep(N,I) 
15               return S 
16           else if N is meronym of prep(I): 
17               addPrep(n,prep(I)) 
18               return S 
19           else: 
20               Sp = getPreviousSentence(Sp) 
21   else: return S 
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2.5 Semantic Analysis 

Semantic analysis is a process to determine the correct word sense from surface words 

and construct the semantic structure from the textual source. The semantic analysis can 

be classified into 2 approaches: The syntactic-driven approach and the semantic-driven 

approach. 

 

2.5.1 Syntactic-Driven Approach 

Syntactic-Driven Approach is a semantic analysis process that starts with putting the 

sentence into the syntactic analysis process. Then, the syntactic structure from the 

syntactic analysis process is submitted to the semantic analyzer to produce the semantic 

structure by the appropriate semantic representation. 

 

Miller et al. (1993, 1996) proposed a hidden understanding model for parsing that 

extend the statistic syntactic parsing model to incorporate a semantic label on each 

node. And Miller et al. (2000) have adapted a probabilistic context-free parser by 

utilizing a head-driven model for information extraction on MUC-7. 

 

Zettlemoyer and Collins (2005) proposed the algorithm that automatically induces that 

map sentence to the semantic structure along with a probabilistic parsing model. The 

grammar formalism is utilized by the Combinatory Categorial Grammar (CCG) 

(Steedman, 1996, 2000) in their work. 
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Bos (2015) proposed the Boxer which is a semantic parser for English texts based on 

Discourse Representation Theory. This work is utilized the CCG in syntactic driven 

analysis. 

 

2.5.2 Semantic-Driven Approach 

Semantic-Driven Approach is a semantic analysis process that constructs the semantic 

structure directly from the surface sentence. Semantic grammar (Jurafsky, Daniel and 

Martin, 2000) approach work on translating sentence directly to semantic 

representation. A syntactic parsing algorithm can be directly used to parse semantics in 

the semantic grammar approach. (Kate et al., 2005) developed the system called SILT 

by utilizing a semantic grammar approach. The semantic grammar is induced by the 

learning method. 

 

The semantic analysis can be done by both approaches that depend on the information 

and the needs of the application. In a less complex system, the semantic-driven 

approach could be more suitable. For the deep semantic analysis, the syntactic-driven 

could be a significant part of the knowledge construction from the whole text. 

 

2.6 Knowledge Representation 

Knowledge representation is an essential part of the question answering system. 

Knowledge is extracted from knowledge sources such as text, and web pages and 

formulated into knowledge representation that is able to retrieve or query the object or 
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answer in the future. This section reviews the knowledge representation that is 

frequently used to build the knowledge-based application. 

 

2.6.1 Resource Description Framework (RDF) 

Resource Description Framework (RDF) (Gibbins, 2016; Lassila & Swick, 1999) is a 

standard model for data interchange on the web. This standard model is recommended 

by W3C to use in semantic web technology. Nevertheless, RDF is able to use to be a 

knowledge representation for some working on question answering systems. There are 

3 syntax types that are used for representing the knowledge in RDF: N-Triples, Turtle, 

and XML. Figure 2.13 shows example of RDF graph. 

 

Figure 2.13. Example of RDF graph (Wikipedia, 2007) 
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From Figure 2.13, the RDF graph shows that “Eric Miller” is the contact name and 

“em@w3.org” is his e-mail and his title is “Dr.”. Figure 2.14 shows RDF in N-Triples 

syntax. Figure 2.15 shows RDF in Turtle syntax. Figure 2.16 shows RDF in XML 

syntax. 

 

Figure 2.14. Example of N-Triples syntax (Wikipedia, 2007) 

 

 

Figure 2.15. Example of Turtle syntax (Wikipedia, 2007) 
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Figure 2.16. Example of XML syntax (Wikipedia, 2007) 

 

Jitkrittum et al. (2009) proposed the QAST system. QAST is the question answering 

system for Thai Wikipedia. The system constructs the knowledge from structured 

information from Wikipedia into RDF format and unstructured test store as a search 

index. RDF triples are generated from Wikipedia’s infoboxes (Auer & Lehmann, 2007; 

Isbell & Butler, 2007) that are used as the first knowledge source for the user’s question. 

Unstructured text is used as the secondary source of knowledge when the first 

knowledge source is not able to identify the answer. SPARQL query (Prud’Hommeaux 

& Seaborne, 2008) is generated from the user’s question-by-question pattern to query 

the answer from RDF knowledge-based. Figure 2.17 shows the system architecture of 

QAST system. 
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Figure 2.17. System architecture of QAST system (Jitkrittum et al., 2009) 

 

Kongthon et al. (2011) proposed the semantic-based question answering system for 

Thailand tourism information. This work constructed the tour ontology (Fodor & 

Werthner, 2005; Pranter et al., 2007) that is formulated in RDF form. The question is 

analyzed by pattern matching technique and then generate the SPARQL query to extract 

the answer from the tour ontology. Figure 2.18 shows the proposed system. 
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Figure 2.18. The proposed system of Thailand tourism information system  
(Kongthon et al., 2011) 

 

The RDF is a good knowledge representation for the semantic web. However, the RDF 

is hard to fill the whole semantic of the sentence and also is not support handling the 

fuzzy factoid. The RDF is more suitable to create the specific domain rather than the 

open domain question answering system. 

 

2.6.2 Universal Networking Language (UNL) 

Universal networking language (UNL) (Dhindsa & Sharma, 2016; Kumar & Goel, 

2016; Uchida et al., 2005) is a declarative formal language that is used to represent the 

semantic data from natural language and language independence. There are some works 

in natural language processing that is related to UNL representation. Figure 2.19 shows 

the example of UNL. 
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Figure 2.19. Example of UNL (Wikipedia, 2005) 

 

Ali et al. (2008) worked on morphological analysis in Bangla. This work presented 

some rules to develop the morphological analysis of simple and compound words of 

Bangla that can be used to construct the dictionary of Bangla-UNL. This dictionary is 

able to be used to translate Bangla sentences to UNL documents. 

 

Boguslavsky et al. (2000) presented the NLP modules that work on a multifunction 

NLP environment and interface with UNL. This module is involved with machine 

translation, natural language interface to SQL type database, the system of synonymous 

paraphrasing of the sentence, syntactic error correction tool, computer-aided language 

learning tool, tree bank workbench, and a new UNL converter. Figure 2.20 shows the 

layout of the machine translation (MT) module. 
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Figure 2.20. Layout of MT module (Boguslavsky et al., 2000) 

 

Choudhary and Bhattacharyya (2002) presented the text clustering by using the feature 

that is generated from UNL. This work used the Self Organizing Maps (SOM) 

(Kohonen, 2001) to learn the feature of the document that extract from UNL. The 

semantic is used to cluster rather than a bag of words and performs better than other 

algorithms. 

 

Ripon et al. (2014) developed the analysis tool for UNL-based knowledge 

representation. This tool provided a graphical tool that represented a visual of semantic 

data represented in the native text. Figure 2.21 shows the step of tools to convert from 

native language to UNL graphical representation. 
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Figure 2.21. Step of tools to convert from native language to UNL graphical 
representation (Ripon et al., 2014) 

 

Mridha et al. (2014) worked on resolving the semantic problem of phrases in the Bangla 

language. The ambiguity of root words in the Bangla language is resolved by semantic 

analysis and constructing a suitable universal word for the Bangla language. 

 

The UNL is widely used in machine translation. The building of UNL must follow the 

specification of the UNL syntax. The rule to construct the UNL from a sentence needs 
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the mapping of universal words with Thai surface words. There is still lacking in the 

mapping of universal words to Thai surface words and it is a huge work to be done. 

 

2.6.3 Natural Language Annotation 

Natural language annotation (Katz, 1997; Katz et al., 2002; Lin et al., 2002) is used in 

the START question answering system at MIT artificial intelligence laboratory. The 

English sentence is formulated with embedded ternary expressions (T-expressions). 

This representation has 3 parts: subject, relation, and object. The answer can be 

extracted by reasoning from T-expressions and then constructed into natural language 

for the user. Figure 2.22 shows the example of T-expressions. 

 

 

Figure 2.22. The example of T-expression (Katz, 1997) 

 

Natural language annotation cannot create a complete semantic. The question 

answering system that needs to process a complex natural language process cannot be 
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done well with this representation. This representation is more suitable for the specific 

domain that does not need complex semantic analysis. 

 

2.6.4 Semantic Frame Representation 

The Berkeley FrameNet project (Baker et al., 2015; Fillmore & Baker, 2001) is research 

that produced rich linguistic resources that contain a frame-semantic description of 

English lexical items. The conceptual structure is constructed to take the word meaning 

and the participant in frame semantics. Frame semantics have a lot of properties of 

stereotyped scenarios that are expected to contain the events to occur and states to 

obtain from the English sentences and stored as a knowledge-based. Frames also can 

be inherited elements from their parent. Figure 2.23 shows the example of frame 

semantics and its heritance. 

 

 

Figure 2.23. The example of frame semantics and its heritance (Lowe et al., 1997) 
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Das et al. (2010) proposed a computational and statistical model for frame-semantic 

parsing. This work aims to predict a frame-semantic representation by using a 

probabilistic framework that cleanly integrates the FrameNet lexicon and training data. 

Figure 2.24 shows the related to the CAUSE_TO_MAKE_NOISE frame and 

MAKE_NOISE frame. 

 

 

Figure 2.24. The related to the CAUSE_TO_MAKE_NOISE frame and 
MAKE_NOISE frame (Das et al., 2010) 

 

Lestari and Nugraha (2017) used the frame-based approach on a speech-based QA 

system. This QAS is intended to provide information about scheduled routes and 

schedules for the departure of the Jakarta Metropolitan Are Commuter Line. In the 

frame-based approach, the dialogue that occurs between the system and the user is 

analogous to the process of filling in information on a form that is not visible to the 

user. The form is represented as a frame. 



50 
 

 

In summary, all knowledge representation is mostly good for explicit factoid answers. 

For the knowledge that is imprecise and needs specific computation, knowledge 

representation like UNL, RDF, and text annotation cannot handle it. Frame 

representation can contain any kind of information such as symbolic, numerical, 

function, and even frame. knowledge piece, that is imprecise, needs specific 

computation, and is able to form of function. Frame representation should be a good 

option to hold the imprecise knowledge. 

 

2.7 Question Answering System 

A question answering system (QAS) is the system that finds or generates the exact 

answer to the users by giving the question in natural language with accuracy, 

usefulness, and precision. The question answering system is able to solve the problem 

for the users by giving the exact answers that users need. The answer from the question 

answering system can be fact, list, definition, reason, procedure, etc. The question 

answering system consists of many components such as morphological analysis, 

syntactic analysis, semantic construction, question classification, and then answer 

extraction. 

 

Question answering system research, in early time, started in the closed domain and 

closed corpus. BASEBALL (Green et al., 1961) is a database-oriented question 

answering system that answers the questions associated with results, locations, and 

dates of a baseball game. The question analysis is scoped in the closed and known 

domain of a baseball game and then the system identifies the answer from the database. 
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LUNAR (Woods, 1973) is a question answering system that provides information about 

lunar geology that gathers from Apollo lunar exploration. This system used English as 

a query language by transforming the question into a formal representation of the 

meaning of the query to the system. The answer is generated for the user after the query 

process. 

 

BASEBALL and LUNAR both are good systems in their closed domain. However, 

there is a very limit to the question type that can be used in the system. Data in the 

database is acquired by humans and manually maintained. 

 

The open domain question answering system that used unstructured data sources is 

started by TREC in 1999 (Voorhees, 2001, 2003). The first TREC provides a list of 200 

questions and a document collection. The document collections, questions, and answer 

evaluations are increasing in size and complexity for more challenges every year. 

 

Burger et al. (2001) presented a road map paper to guide research in question answering 

system that enables meaningful and useful capabilities if they follow the following 

standards: 

Timeliness: When the question is posted to the system, the answer should be 

provided in real-time even if the system is accessed by a thousand users. 
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Accuracy: The precision of the question answering system is extremely 

important. The incorrect answers are worse than no answers. 

 

Usability: Knowledge in question answering systems should be tailored to the 

specific needs of a user. The question answering system must be able to mine 

answers regardless of the data source format and must deliver the answer in any 

format desired by the user. 

 

Completeness: Complete answers to a user’s question are desirable. Answer 

fusion in coherent information is required. The generation of the complete 

answer must rely on implicatures, due to the economic way in which people 

express themselves and due to the data sparseness. 

 

Relevance: The answer to a user’s question must be relevant within a specific 

context. 

 

The evaluation criteria for question answering system are proposed to evaluate the 

answer by Breck et al. (2000) that there are six following criteria: 

Relevance: The answer must be relevant and solve the given question. 

 

Correctness: The answer must be correct and precise for the given question. 

 

Conciseness: The answer should not contain irrelevant information to the given 

question. 
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Completeness: The answer should be complete and comprehensive to the given 

question. 

 

Coherence: The answer should be coherent and be simply a phrase or sentence 

that makes it easier to understand for the users. 

 

Justification: The answer should provide sufficient context to give more trust 

and confidence to the users. 

 

The criteria, that is objective and can be numerical, could be easier to define the 

evaluation method. Correctness and completeness can be determined by the precision 

and recall evaluation method. The criteria that are more subjective can be evaluated by 

a human expert. 

 

Semantic-based and knowledge-based question answering system (Höffner et al., 2017; 

Wang et al., 2015; Zhou et al., 2016) is more interested in the question answering 

system research field to improve the precision of the answer to the users. 

 

CubeQA (Höffner & Lehmann, 2014; Konrad et al., 2016) is a semantic question 

answering system using multi-dimensional statistical linked data with RDF datacube 

vocabulary. The CuteQA algorithm converts a natural language question to a SPARQL 

query using a linear pipeline to generate the result set containing the answer. Figure 

2.25 shows the pipeline of the CubeQA system. 
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Figure 2.25. CubeQA pipeline (Konrad et al., 2016) 

 

DEV-NLQ (Frost et al., 2014) presented the expression of the lambda calculus that 

worked on an event-based triple store using only triple-based retrieval operations. 

DEV-NLQ claims this question answering system is able to solve chained, arbitrarily-

nested, complex, preposition phrases. 

 

Freitas and Curry (2014) introduced a distributional compositional semantic model 

which is used as the central element for the construction of a vocabulary-independent 

Natural Language Interface (NLI) for Linked Data. The construction of a distributional 

semantic model is based on the extraction of co-occurrence patterns from large corpora, 

which defines a distributional semantic vector space. The distributional semantic vector 

space uses concept vectors to semantically represent data and queries, by mapping 

datasets elements and query terms to concepts in the distributional space. Figure 2.26 

shows high level components diagram of the vocabulary independent query approach 

and distributional inverted index structure. 
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Figure 2.26. High-level components diagram of the vocabulary independent query 
approach and distributional inverted index structure (Freitas & Curry, 2014) 

 

QuASE (Sun et al., 2015) is an open domain question answering system based on web 

search and the Freebase knowledge base with three stages of work. First, QuASE uses 

entity linking, semantic feature construction, and candidate ranking on the input 

question. Then, it selects the documents and according sentences from a web search 

with a high probability to match the question and presents them as answers to the user. 

Figure 2.27 shows QuASE framework. 
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Figure 2.27. QuASE framework (Sun et al., 2015) 

 

WabiQA (Noraset et al., 2021) is the open domain question answering system using 

Thai Wikipedia as the knowledge source. The WabiQA system consists of 2 parts: the 

document retriever and document reader. After the user gives the question in natural 

language form, the document retriever finds the candidate document that possible 

contains the answer by ranking the document based on the relatedness with BM25F 

scoring function (Robertson, Zaragoza, et al., 2009) between the question and the 

document. Then, the document reader locates the possible answer from the top-ranked 

document and ranks the answer by a confidence score for the user. Figure 2.28 shows 

the WabiQA system architecture. 

 

 

Figure 2.28. WabiQA system architecture (Noraset et al., 2021) 
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Classification of the question answering system can be classified in many aspects: 

content-based, data source based, language paradigm based, question type based, the 

approach based on question analysis and source document, and technique based 

(Lebedeva & Zaitseva, 2014; Mishra & Jain, 2016). 

 

2.7.1 Content Based 

A question answering system can be developed by the requirement of the application 

that is related to the scope of the content. Some applications handle the information on 

the general topic and some applications handle specific information or restricted topic. 

By content-based, question answering systems can be classified into the general or open 

domain, and restricted or closed domain. 

General or Open Domain: In the open domain, the question answering system 

is dealing with a large set of document collections and provides the answer to 

any questions with domain independence. In most cases, the open domain 

question answering system needs general ontology and world knowledge in its 

methodology. Questions are mostly asked by casual users. 

 

Restricted or Closed Domain: A restricted domain question answering system 

provides the answer to fixed topics and deals with some specific questions. 

Domain-specific ontology and terminology are used in question answering 

systems. Question patterns are very limited used, however, the quality of the 

answer can be more accurate and good elaborate. Questions are mostly asked 

by experts and specific users. 
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2.7.2 Data Source Based 

Data sources are an essential part of the knowledge acquisition process for making the 

knowledge-based of question answering system. The source of data can be a factor to 

make the complexity of the methodology in question answering system. The data source 

of the question answering system can be classified as the structured data source, semi-

structured data source, and unstructured data source. 

Structured Data Source: The structured data can be from a database or 

structured document. Similar data entities are collected in the same structures 

and store the same attributes. The description of the structure of the entity that 

is collected in a unit is called schema. The matching of query in the structure 

data source is exact and accurate. Mostly, a structured data source question 

answering system is used in a restricted domain. 

 

Semi-structured Data Source: The semi-structured data is data that there is no 

such partition between stored data and the schema. It provides a flexible format 

for making data exchange between different types of databases. XML is an 

example of semi-structured data that can be used in question answering systems. 

However, it is intensive labor to build the data source. 

 

Unstructured Data Source: Unstructured data is data that can be of any type. 

Free text is an example of an unstructured data source. Dealing with 

unstructured data, question answering system requires the use of natural 

language processing and information retrieval techniques intensively to analyze 

and find the precise answer. Normally, unstructured data is the data source of 

open domain question answering systems and is used by casual users. 
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2.7.3 Language Paradigm Based 

Classification based on language paradigm can be divided into 3 paradigms: 

Monolingual, Cross-lingual, and Multilingual question answering systems. 

Monolingual: A monolingual question answering system is a question 

answering system that processes the data sources, queries the data, and finds the 

answer expressed in one language. Most question answering systems are 

working on a monolingual paradigm. 

 

Cross-lingual: Cross-lingual question answering system is a question 

answering system that processes the data source in the first language and is able 

to query the data and find the answer from the second language by translating it 

to the first language before. This paradigm can start from monolingual and then 

uses the language-translated module to convert the query and the answer 

between two languages. 

 

Multilingual: A multilingual question answering system is a question 

answering system that processes the data sources in the first language and is 

able to query the data and find the answer from other languages by translating 

it to the first language before. The knowledge can be represented in language-

independent representation and query the data by translating the other language 

to a language-independent query before. The number of languages that the 

system supported depends on the language analyzed module to analyze the 

question and generate the answer. 
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2.7.4 Question Type Based 

The question answering system is able to work on certain question types. The answer 

from different question types uses different processes and methodologies to query and 

extract. The question types can be listed as factoid, list, hypothetical, causal, and 

confirmation. 

Factoid: The factoid question type is the question that is a simple question 

based on fact and requires an answer in a word, a short phrase, or a short 

sentence. These questions are involved with the “what, when, where, who” 

words. The answer in factoid is about the definition, the object, and the property 

of the object. The most answer of factoid is a general named entity, therefore, 

the named entity extraction is an essential part to identify the answer from data 

sources. 

 

List: The list question type is the question that requires a list of named entities 

or facts in the answer. The threshold value for the quantity of the entity has to 

fix to pleasure the users. The technique that applies successfully in factoid 

questions is able to work with list questions with good accuracy. 

 

Hypothetical: A hypothetical question is a question that asks for information 

related to any hypothetical event. The answers are subjective and no specific 

correct answers to these questions. Question answering systems need 

knowledge retrieval techniques to generate the answer by using intensive 

natural language processing techniques.  
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Causal: A causal question is a question that requires the explanation of the 

object or entity. These questions are involved the “how, why” word. The 

advanced natural language processing technique is required to analyze the text 

in the data source at the pragmatic and discourse level to extract and generate 

the answer. The output of the causal question is the explanation of the reason or 

procedure for the event or manufacture. 

 

Confirmation: A confirmation question is a question that requires an answer in 

form of Yes or No. The inference system is an essential part of world knowledge 

and commonsense reasoning to generate the answer. 

 

2.7.5 Approach Based on Question Analysis 

Question analysis is an important part to derive the correct answer. Different question 

types require different methodologies to obtain the focus of the question and then the 

exact answer. There are three approaches for making the question analysis: statistical-

based approach, pattern-based approach, and hybrid approach. 

Statistical Based Approach: A statistical-based approach is a data-driven 

approach that uses quantitative relations to discover statistical relations existing 

in questions and documents. Utilization of probabilistic modeling, linear 

algebra, and information theory is used to analyze the relationship. A large data 

collection is needed to correct statistical learning that could produce a promising 

result. 
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Pattern Based Approach: A pattern-based approach is an approach that 

combines the use of linguistic rules and human knowledge in the information 

retrieval process. Predefined patterns are built for the question to extract the 

answer by performing on pattern matching technique. The pattern could be a 

lexico-syntactic or a lexico-semantic pattern. The training data set is less 

required to build the pattern. However, expert and domain knowledge is much 

required. 

 

Hybrid Approach: A hybrid approach is a combination of the usage of a 

statistical-based approach together with a pattern-based approach. The 

requirement for a large data source could be minimized by a hybrid approach. 

However, patterns are still needed an expert to build to extract the answer. 

 

2.7.6 Technique Based 

Question answering system process the data source, query the data and generate the 

answer that could be done by various techniques. There are different levels of natural 

language processing needed in different question types and different kinds of answers. 

Question answering system that is classified by the technique: data mining, information 

retrieval, natural language understanding, and knowledge retrieval and discovery. 

Data Mining: A question answering system based on data mining works by 

using a bag of words for searching the answer and replying to the short answer 

to the users. The data source mostly is the structure data or database. 
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Information Retrieval: A question answering system based on information 

retrieval works by using a bag of words for searching the answer and reply the 

relevant data as the answer to the users. The answer was mostly retrieved from 

the text document collection. 

 

Natural Language Understanding: A question answering system based on 

natural language understanding works with a bag of concepts for searching for 

the answer and reply the well-described answer to the users. The knowledge-

based of question answering system is created from text document collection 

and represented into knowledge representation by using the analysis of syntactic 

and semantic information. 

 

Knowledge Retrieval and Discovery: A question answering system based on 

knowledge retrieval and discovery works by using a bag of knowledge for 

searching the answer and replying a new knowledge and reasonable answer to 

make the user understand. The pragmatic level of the natural language process 

is needed in the question answering system process to analyze the question and 

construct the knowledge for the users. 

 

Mishra and Jain (2016) described the question answering system based on techniques 

that are shown in table 2.4. 
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Table 2.4 

Classification of QAS based on techniques (Mishra & Jain, 2016) 

Aspects QAS based 

on data 

mining 

QAS based 

on 

information 

retrieval 

QAS based on 

natural 

language 

understanding 

QAS based 

on knowledge 

retrieval and 

discovery 

 

Searching Searching for 
factual data 

Querying 
for factual 
information 

Querying for 
information 
could be 
subjective 
opinionated 
or fact based 

Understanding 
knowledge, 
creating 
knowledge, 
and searching 
for useful 
correct 
answers 

Matching Exact Best match Best match Best correct 
match 

Technology Artificial 
intelligence 
and database 

Information 
retrieval 
and natural 
language 
processing 

Natural 
language 
processing 
and 
understanding 

Natural 
language 
understanding, 
knowledge 
acquisition, 
mining 

Knowledge 
source 

Data base Syntactic web Syntactic and 
pragmatic 
web 

Semantic and 
pragmatic web 

Models used 
in retrieval 
process 

Bag of word Bag of word Bag of 
concepts 

Bag of 
knowledge 

Reliability Very good as 
the schema 
is designed 
by domain 
expert 

Fewer lots 
of fake 
information 
is seen on the 
web 

Less Good 

 

 

A question answering system based on information retrieval gives an answer in good 

condition. However, a better answer could be by merging and validating answers from 

various sources of knowledge. Data from various textual sources will be processed and 

transformed into knowledge-based. Question answering systems based on natural 

language understating should be the next step. 
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According to some comprehensive surveys (Abbasiantaeb & Momtazi, 2021; Antoniou 

& Bassiliades, 2022; Pereira et al., 2022; Zhu et al., 2021), the question answering 

system also can classify by technique in the knowledge intensive and data intensive 

view. Figure 2.29 shows the classification of the question answering system based on 

knowledge and data intensive view. 

 

 

Figure 2.29. Classification of QAS based on knowledge and data intensive view 

 

From Figure 2.29, the knowledge intensive technique can be semantic parsing 

pipelines, subgraph matching, template-based, and information extraction. The 

semantic parsing pipeline is the use of a semantic parser to convert the question into 
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the target query system and find the answer from a database or any knowledge base. 

The subgraph matching is the building of the query subgraph using a semantic tree. The 

template-based is the use of a template that matches the knowledge representation in 

the knowledge base and then extracts the exact answer. Information extraction is the 

use of some form of a deep neural network to identify the answer from the knowledge 

base. The data intensive technique can be information retrieval and deep learning. 

Information retrieval is the technique that depends on the specific domain trying to 

identify the piece of answer from text data. Deep learning is a new technique that uses 

of the deep neuron network to identify the piece of the answer from the text data. 

 

2.8 Question Classification 

Question Classification is a component of a question answering system that classifies 

and identifies the question type. Question Classification is useful to prune out the 

irrelevant information in the answer extraction process. The accuracy of question 

classification can affect the performance of the question answering system. 

 

Li and Roth (2002, 2006) presented the hierarchical classifier for question 

classification. This work predefined the hierarchical classifier and used the Winnow 

algorithm within the SNoW (Carlson et al., 1999) to learn the coarse and fine classifier 

by using the feature from syntactic and semantic information. Figure 2.30 shows the 

hierarchical classifier used in this work. 
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Figure 2.30. The hierarchical classifier (Li & Roth, 2006) 

 

Zhang and Lee (2003) proposed the Support Vector Machine (SVM) for the question 

classifier. This work compared the various machine learning technique with SVM 

(Cristianini & Shawe-Taylor, 2000) to a learning classifier and used syntactic 

information as a feature. This work indicated that SVM is learning with higher accuracy 

than the other machine learning. Table 2.5 shows the coarse and fine-grained question 

categories that used in this work. 
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Table 2.5 

The coarse and fine-grained question categories 

Coarse Fine 

 

ABBR abbreviation, expansion 
 

DESC definition, description, manner, reason 
 

ENTY animal, body, color, creation, 
currency, disease/medical, event, 
food, instrument, language, letter, 
other, plant, product, religion, sport, 
substance, symbol, technique, term, 
vehicle, word 
 

HUM description, group, individual, title 
 

LOC city, country, mountain, other, state 
 

NUM code, count, date, distance, money, 
order, other, percent, period, speed, 
temperature, size, weight 

 

Day et al. (2007) presented an integrated genetic algorithm and machine learning for 

question classification in a cross-language question answering system in English-

Chinese. The genetic Algorithm (GA) is used to select the near-optimal feature subset 

for the Conditional Random Fields (CRF) algorithm. After the feature is selected, the 

CRF question informer prediction model predicts the question informers. And then 

SVM question classification used the question informers as a key feature to learning 

the question classification. Figure 2.31 shows the proposed architecture that integrated 

genetic algorithm and machine learning approach for question classification in English-

Chinese cross-language question answering. 
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Figure 2.31. The proposed architecture that integrated genetic algorithm and 

machine learning approach for question classification in English-Chinese 

cross-language question answering (Day et al., 2007) 

 

The question classification is needed in some methodologies that used the relation of 

the word in question and the document source to identify the piece of the answer. The 
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irrelevance paragraph can be pruned out by the question classification. However, for 

the deep semantic application, the question classification could be not important. 

 

2.9 Fuzzy Factoid 

A fuzzy factoid is the answer type of question answering system that return data 

involved with an object such as a person, organization, location, etc that is dealing with 

fuzzy linguistic property. The property of the object that is stated in natural language 

normally be fuzzy such as young, dark, warm, and property with range numerical. 

Knowledge representation that deals with fuzzy factoid have to be computable in fuzzy 

formalism. There are several topics in fuzzy that have concern in fuzzy factoid: Fuzzy 

sets, Fuzzy logic, and Fuzzy frame-based knowledge representation formalism. 

Fuzzy Sets: Fuzzy sets are introduced by Zadeh (1965). A fuzzy set is a class 

with a continuum of grades of membership that range between zero and one. 

The formalism of a fuzzy set has been defined as a complement, union, 

intersection, etc. 

 

Fuzzy Logic: Fuzzy logic (Zadeh, 1988) is the formal principle of approximate 

reasoning with precise reasoning viewed as a limit case. Fuzzy logic is able to 

express the imprecise meaning in natural language as elastic constraints on a 

variable and reasoning through the propagation of elastic constraints. Fuzzy 

logic may be viewed as an extension of multivalued logic. 

 

Fuzzy Frame-Based Knowledge Representation Formalism: Tettamanzi 

(2003) presented the formalism of fuzzy frame-based knowledge representation 
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for representing imprecise knowledge. Knowledge in this formalism consists of 

three basic types of objects: knowledge element, linguistic values, and relation. 

Formalism has been described which is based on the combination of three 

concepts: frame-based knowledge representation formalism, unification, and 

fuzzy set theory. 

 

The question answering system that can handle the fuzzy factoid can produce more 

precision and recall of the answer. The fuzzy value is the important attribute that 

frequently is the answer. The fuzzy factoid answer could be come up with the 

confidence value of the result to make the positiveness to the user. 

 

2.10 Summary 

This chapter reviews the component of the question answering system and technique. 

Thai morphological analysis is still active in the research area to improve the accuracy 

of word segmentation and named entity extraction. The corpus that exists is developed 

for a specific purpose with the specific annotate. That corpus may be not suitable for 

our works due to the different annotations and incomprehensive annotations. The new 

corpus development is needed to serve the study of our work. The Anaphora and ellipsis 

resolution is needed for making the precise QAS. The anaphora resolution for nominal 

anaphora is still not done in Thai morphological analysis. Then, the complete ellipsis 

and anaphora resolution for all types of anaphora is still needed. 
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Knowledge representation tends to use RDF to question answering knowledge base 

whereas the natural language annotation is used in practical question answering systems 

such as the START question answering system. However, RDF and natural language 

annotation cannot handle fuzzy factoid answers. Frame-based knowledge 

representation potentially deals with a fuzzy factoid. 

 

Some question answering systems for the Thai language use data-intensive and pre-

defined knowledge from structured sources that the system can work on a restricted 

area of the domain and not perform an automatic knowledge extraction in open domain 

or factoid question. Semantic-based question answering system with knowledge 

extraction from textual sources could be a good option to develop a precise question 

answering system. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

This chapter describes the methodology of the research. The corpus preparation is the 

first step and the next are morphological analysis, ellipsis and anaphora resolution, 

semantic parser, knowledge representation, and answer extraction. 

 

3.1 Stage of Development 

This research consists of six stages of work. The first is corpus preparation. The second 

is morphological analysis. The third is ellipsis and anaphora resolution. Fourth is the 

semantic parser. The fifth is Answer Extraction and the last is evaluation. Figure 3.1 is 

shown the overview of the research design stages. 
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Figure 3.1. Research design stages 

 

Corpus preparation is the stage of collecting and cleaning the documents that used to 

be the source of knowledge and testing in the morphological analysis process. The stage 

of morphological analysis is to implement the morphological process for the Thai 

language such as Thai word segmentation, Thai named entity identification, and Thai 

EDU segmentation. The stage of ellipsis and anaphora resolution is the process that 

resolves the anaphoric reference and textual ellipsis to complete the sentence for 

semantic construction. The stage of the semantic parser is to implement the semantic 

parser that analyzes the complete syntactic information and then formulates it into the 

knowledge representation for the question answering system. The stage of answer 
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extraction is to implement the question analysis that identifies the question type and 

then extract the precise answer that matches the constraint in the question type from the 

knowledge base. The last step is to evaluate the question-answering system. 

 

3.2 Corpus Preparation for Morphological Process 

This stage is to prepare the corpus that is used in the morphological process and also to 

be a source of knowledge for the question-answering framework. Thai Wikipedia is 

considered to be one of the sources of corpus because it consists of a vast knowledge 

that is in form of Thai text (Mesgari et al., 2015). Thai Wikipedia consists of a lot of 

articles in the open domain unstructured text. This can be a very good source of corpus 

development in the open domain in this research. Figure 3.2 shows the example of the 

Thai Wikipedia page. 
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Figure 3.2. Example of the Thai Wikipedia page 

 

Web Crawler is developed to gather the web pages from Thai Wikipedia into the 

database. After that, HTML tags will be removed in the background process. Figure 3.3 

shows the example of HTML source. 
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Figure 3.3. Example of HTML source 

 

The Thai text will be processed and converted all symbols and space into a symbol tag. 

For example, a space character is converted to ”<space>”, a colon symbol is converted 

to ”<colon>”, a left parenthesis is converted to ”<left_parenthesis>”, and a comma 

symbol is converted to ”<comma>”. The overview of corpus preparation process is 

shown in Figure 3.4 and Table 3.1 shows the example of symbol tag. 
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Figure 3.4. Overview of corpus preparation process 
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Table 3.1 

Examples of symbol tags 

Symbol Name Symbol Character Symbol Tag 

 

Colon : <colon> 
 

Semi Colon ; <semi_colon> 
 

Comma , <comma> 
 

Left Square Bracket [ <left_square_bracket> 
 

Right Square Bracket ] <right_square_bracket> 
 

Left Parenthesis ( <left_parenthesis> 
 

Right Parenthesis ) <right_parenthesis> 
 

Space  <space> 
 

 

In this process, some space characters, that are insignificant and ineffective, will be 

removed such as space before and after a number, and a space before the repeater sign. 

This cleaned corpus is the data source for training and experiment in the next process. 

The example of a clean corpus is shown in Figure 3.5. 

 

 

Figure 3.5. Example of a clean corpus 
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The other domain Thai corpus is also considered to be the source of knowledge. The 

documents will have a preprocessing to clean some unused information and reorganize 

its content before being sent to the morphological processing. The corpus in this process 

contains 18,248 words after finished. 

 

3.3 Morphological Analysis 

Morphological analysis is the process to analyze words and resolve some phenomena 

in the language. 3 processes in the morphological analysis consist of Thai word 

segmentation with Part of Speech (POS) tagging, Thai name entities identification, and 

Thai EDU segmentation. The cleansing corpus is processed by Thai word segmentation 

with POS tagging in the first step. Thai named entity identification is the second step 

to identifying the object in sentences. And Then Thai EDU segmentation is the last step 

to separate the paragraph in the source text into the Thai EDU segment. The overview 

of morphological analysis is shown in Figure 3.6. 
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Figure 3.6. Overview of morphological analysis 

 

3.3.1 Thai Word Segmentation and POS Tagging 

Thai word segmentation is the first step in the morphological analysis for finding word 

boundaries in Thai text and also tagging POS in each word. The dictionary-based 

approach is used to find all possible combinations of sequences of words in each EDU. 

Conditional Random Field (CRF) algorithm (Lafferty et al., 2001; Peng et al., 2004) is 

considered to be used to make a decision that which sequences of words will be a better 
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sequence of words segmentation with POS tagging information. The examples of the 

POS tagging label are shown in Table 3.2. 

 

Table 3.2 

Examples of the POS tagging label 

POS Label Description Example Words 

 

NCM Common Noun นก ลิง เศรษฐกิจ 
 

NCA Noun and Classifier for Attribute, Kind, 
and Group 

สี อาย ุประเภท ชนิด 
 

NNA Noun for Amount สิบ ร้อย พนั หม่ืน 
 

VRB Transitive Verb กิน มอง รัก 
 

VRI Intransitive Verb ยิม้ วิง่ เดิน 
 

VAT Attribute Verb ใหญ่ หนกั สวย 
 

FVN Prefix to transform Noun and Verb to be 
Noun 

การ 
 

NBO Ordinal Number Word แรก สุดทา้ย ต่อไป 
 

 

In the training process for the CRF algorithm, the manually tagged corpus is needed. 

The selected corpus is tagged POS manually and then used for the training of the CRF 

algorithm. POS tag-set is designed for this work total of 45 tags within 10 groups of 

tag-set. The example of a tagged corpus is shown in Figure 3.7. 
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Figure 3.7. Example of a tagged corpus 

 

Dictionary is developed for use in the word segmentation process. There are surface 

words with a possible POS type in the dictionary. A dictionary is developed by 

gathering words from the tagged corpus and also its POS. Dictionary is an essential 

resource to generate all possible segment sequences of the word segmentation for the 

word segmentation process. The example of dictionary is shown in Table 3.3. 
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Table 3.3 

The example of dictionary 

Word POS 

นกพิราบ (pigeon) NCM 

อยู ่(live, stay, -ing) VRB VPO VPT VPA VPR 

อยา่ง (thing, -ly) FAV CLS 

บาง (some, thin) DQE VAT 

สวยงาม (beautiful) VAT ADV 

ก าลงั (power, -ing) VAX NCM 

ให ้(give, to) VPO VRB VPR VPT VPA 

 

POS feature is needed for the CRF model to train and also to determine the best POS 

tag in word segment sequence. POS feature is the sequence pattern of POS of words 

that appear in corpus data. POS features are extracted from the tagged corpus and then 

collected in the database. After that, the CRF model is trained by using data from the 

tagged corpus and POS feature database to adjust the weight of the POS feature. 

 

CRF is the probability of the label sequence that globally normalizes to avoid the label-

bias problem and also provides the flexibility to use non-independent features (Lafferty 

et al., 2001). Let l be a label of POS sequence, s be a word segmentation, f be a feature 

function, and λ be the weight of the feature function. Then, we can define the score 



85 
 

function score(l|s) to determine the score of the POS sequence to the sentence as shown 

in Equation 3.1. 

 

 

            

(3.1) 

 

The conditional probability distribution p(l|s) for a linear-chain CRF can be defined as 

shown in Equation 3.2. 

          

 

 

 

(3.2) 

 

To estimate the weight of feature function λ for training data, Equation 3.3 can be 

defined where α is a learning rate. 

 

 

          

(3.3) 
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The features of learning for POS tagging are the POS sequence pattern that is extracted 

from the tagged corpus. There are 11 types of POS sequence pattern combination in 

this work that is shown in Table 3.4. The notation V is the POS in the position that is 

determined, X is the POS in the previous position that is determined, Y is the POS in 

the next position that is determined, W is a surface word, and then, none is the position 

that is not determined. 

 

Table 3.4 

POS pattern rules 

Feature Type POS Pattern 

 

1 
 

none : X1 : V : none : none 

2 
 

X2 : X1 : V : none : none 

3 
 

none : none : V : Y1 : none 

4 
 

none : none : V : Y1 : Y2 

5 
 

none : X1 : V : Y1 : none 

6 
 

X2 : X1 : V : Y1 : none 

7 
 

none : X1 : V : Y1 : Y2 

8 
 

X2 : X1 : V : Y1 : Y2 

9 
 

none : X1 : V : Y1 : none#W 

10 
 

none : X1 : V : none : none#W 

11 
 

none : none : V : Y1 : none#W 
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After finishing training, the CRF model is ready to determine word segmentation and 

POS tagging. Raw text after the cleaning process is the input for the word segmentation 

process. By using a dictionary, all possibilities of word segmentation sequence are 

generated. Due to the time complexity, the word segmentation sequence will be 

generated limited to only 4 words each time. CRF is used to determine the best POS 

tag for each sequence by selecting the best probability. The best word segmentation 

sequence is selected by the best score. The first word in the best word segmentation 

sequence will be selected for the answer sequence. After that, the next word 

segmentation sequence will be generated and re-operated again until the last word is 

determined. 

 

Words in the Thai language can be composed of more than one other word and become 

a new meaning. For example ”พ้ืนท่ี(area)” is composed of 2 words are ”พ้ืน(floor)” and ”

ท่ี(at)”. Word segmentation by the CRF model tends to segment words into more chunks. 

Dictionary can be a useful resource to correct word segmentation (Nararatwong et al., 

2018). To correct word segmentation, we apply POS pattern matching together with a 

dictionary. POS patterns are used to match and find the word in Dictionary with the 

POS target. After that, words with POS pattern is replaced by word with POS target 

from a dictionary. Table 3.5 shows the examples of the POS pattern for word correction. 
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Table 3.5 

Examples of the POS pattern for word correction 

POS Pattern POS Target Word 

CON NCM VAC 

VAC NCM VAC 

NCM PRP NCM 

NCM PRL NCM 

 

After the word correction process, there are some mistaken POS tagging that could be 

fixed. All POS tagging will be cleared and reconsidered by the POS re-tagging process. 

This process can improve the precision of POS tagging in the word sequence. All 

processes of Thai word segmentation and POS tagging are shown in Figure 3.8. 
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Figure 3.8. Processes of Thai word segmentation and POS tagging 

 

3.3.2 Named Entities Identification 

Thai named entity identification is the process to identify the named entity boundary 

and also identify the type of named entity. The template matching technique is used to 

identify the named entities in the text. POS tag and surface word are the component of 

a matching template for extracting named entities. Corpus is tagged manually to create 

the matching template. POS tag is the main component of the template and surface word 
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is an optional component. Figure 3.9 shows an example of the corpus with a manual 

named entity tagging. 

 

 

Figure 3.9. Example of the corpus with a manual named entity tagging 

 

In figure 3.9, the surface word with the ”*” symbol means to indicate that the surface 

word is also used in matching. After that, the matching template is created by extracting 

it from the tagged corpus. Table 3.6 shows the examples of the named entity matching 

template. 

 

Table 3.6 

Examples of the named entity matching template 

Pattern Tag 

 

[เขต]<NCM>[*]<NPN> 
district 

NPN 

[ธนาคาร]<NCM>[แห่ง]<PRP>[ประเทศ]<NCM>[*]<NPN> 
bank                      of                 nation 

NPN 

[ธนาคาร]<NCM>[*]<NCM><space>[จ ากดั]<VAT> 
bank                                                   limited 

NPN 

[บริษทั]<NCM><space>[*]<NPN>[*]<NCM><space>[จ ากดั]<VAT> 
company                                                                        limited 

NPN 
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In Table 3.6, the ”*” symbol in the matching template means to indicate that it is 

matching with any surface word. The matching algorithm works with one-to-one 

matching on words in the whole line of text. The size of the template is an important 

factor in matching. The longest template will be activated first and then the next longest. 

 

3.3.3 Thai EDU Segmentation 

Thai EDU segmentation is the process to analyze and segment Thai text in a paragraph 

into the EDU segment. In this work, we divided the Thai EDU segmentation into 4 

steps: the Elementary Discourse Unit (EDU) segmentation by clue markers, the shallow 

parser, the EDU segmentation Segmentation by Syntactic Pattern, and EDU 

Reconstruction by rule-base. There are some issues in EDU segmentation that have to 

be a concern and the definition of Thai EDU could be defined in this work. 

 

3.3.3.1 Issues in Thai EDU Segmentation 

From previous studies and our observation, there are some interesting issues in Thai 

EDU segmentation that we have to be concerned about. In general, the Thai language 

is a language structure of Subject-Verb-Object (S-V-O) like English and many other 

languages. But some features in the Thai language can make a sentence more 

complicated and ambiguous. Those features are discussed in this section as follows: 

Lack of Explicit EDU Boundary Marker: In Thai text, there is no explicit 

marker or punctuation to indicate the ending of a sentence or EDU. Thai text 
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can be seen as a stream of continuous characters in a paragraph without any 

space character or punctuation. In some writing, a space character is used to 

indicate the ending of a sentence. However, a space character is just an option 

and does not appear in all sentence endings. Moreover, a space character can 

appear in many parts of sentence for example before and after a number, before 

conjunctions ”และ(and)” ”หรือ(or)”, and before the repeater sign ”ๆ”. 

 

Ambiguity of Word Marker: Some words which are subordinate conjunction 

words can be considered to be a word marker to segment EDU for example ”ซ่ึง

(that)”, ”โดย(by)”, ”ดงันั้น(therefore)”, ”เพราะ(because)”, ”เพื่อ(for)”. However, some 

words can be more than one POS depending on their function and their context. 

In this issue, the accurate word segmentation and POS tagging process are 

essential components to reduce ambiguity. 

 

Zero Anaphora: Sentence in the Thai language can use a gap or omits the 

subject to refer back to the previous object. Then, the structure of the Thai 

sentence can be a Verb-Object (V-O) structure.  

 

Sentential Noun Phrase: Some noun phrases in the Thai language can be 

structured similarly to a sentence. A verb can be a part of a noun phrase that can 

cause ambiguity in a sentence and noun phrases. For example ”ห้อง(room)นอน

(sleep)” is meant to a bedroom. To overcome this issue, the accurate noun phrase 
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chunker or shallow parser can be a key role to disambiguate sentential noun 

phrases and sentences. 

 

Relative Clause in Noun Phrase: Noun phrase in the Thai language can be 

embedded with a relative clause. A sentence with a relative clause will 

complicate the task to identify the boundary of EDU. Syntactic information can 

be useful to indicate the boundary of a relative clause. 

 

3.3.3.2 Definition of Thai EDU 

EDU is the minimal discourse unit from discourse structure. A sentence can consist of 

several EDUs. In our work, we define our EDU as follows. 

Simple EDU: EDU with a simple S-V-O structure. This EDU can consist of a 

subject, a verb, and an optional object. A preposition is possible to embed in 

this EDU structure also. 

 

Zero Anaphoric EDU: EDU with the omission of the subject can be a V-O 

structure. Same as a simple EDU, a preposition can also embed in this EDU 

structure. 

 

Relative Clause EDU: A relative clause, that is embedded in a noun phrase, is 

considered to be a separated EDU from its main structure. The function of a 

relative clause is a noun modification and its structure is similar to zero 

anaphoric EDU. 
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Noun List EDU: Noun list EDU is part of a sentence that describes a list or an 

example of a noun group. This EDU mostly starts with word ”ไดแ้ก่(for instance), 

เช่น (such as)” 

 

3.3.3.3 EDU Segmentation by Clue Markers 

EDU segmentation in Thai text can be partially done by using a clue marker word to 

break the whole line of text into a piece of EDU. Some clue words with their POS tag 

are used to identify the origin of EDU and then segment it into a smaller discourse unit. 

Words and POS tag patterns such as space, subordinate, and conjunction with verbs are 

examples of clue marker patterns. 

 

3.3.3.4 Shallow Parser 

A shallow parser is a process to identify the non-recursive of various phrase types (Sha 

& Pereira, 2003). The various phrase in a sentence can be chunked and is useful to be 

a precursor to a full parser or information extraction. In this work, CRF is applied to 

identify a non-recursive phrase. Corpus with manual chunked tagging is used for 

training the CRF model. There are 11 types of phrases, that are chunked, consisting of 

head noun, verbal noun, adjective, transitive verb, intransitive verb, adverb, 

preposition, amount, time, determiner, and classifier phrase. Some symbols are used to 

tag into a corpus to indicate a type of phrase in the text. Figure 3.10 shows an example 

of a corpus with a phrase tagged. 
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Figure 3.10. Example of a corpus with a phrase tagged 

The symbols, that is used to indicate phrase type, consist of ”*”, ”&”, ”+”, ”#”, ”%”, 

”$”, ”!”, ”@”, ”=”, ”?” and ”-” for head noun pattern, verbal noun pattern, adjective 

pattern, transitive verb pattern, intransitive verb pattern, adverb pattern, preposition 

pattern, amount pattern, time pattern, determiner pattern and classifier pattern 

respectively. Single symbol tagged for the starting element of phrase type and double 

symbol for the following element of phrase type. Some POSs maybe not be tagged if it 

is not a member of a non-recursive phrase for example ”SUB” subordinated, ”PRL” 

relative pronoun. 

 

Dictionary for the shallow parser is used to indicate all possible phrase types to POS. 

All data in a dictionary are gathered from the tagged corpus. Table 3.7 shows examples 

of a dictionary for the shallow parser. 
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Table 3.7 

Examples of a dictionary for the shallow parser 

POS Phrase Types 

 

VAT 
 

+ ++ && $ $$ ?? == 

FAV 
 

$ $$ && 

NPN 
 

* ** = == ?? ++ 

SUB 
 

SUB 

VRB 
 

# ## && == ** $$ 

VPA 
 

$ $$ 

 

 

3 types of features are used for training. A combination of phrase type(PT), POS, and 

surface word is constructed to make a shallow parser feature. Table 3.8 shows the 

shallow parser feature pattern. 

 

Table 3.8 

Shallow parser feature pattern 

Feature Type Combination of Pattern 

1 PT1 : PT0 : POS1 : POS0 : none : none 

2 PT1 : PT0 : POS1 : POS0 : none : WORD0 

3 PT1 : PT0 : POS1 : POS0 : WORD1 : none 

 

The notation ”PT” is the phrase type and the subscription is the position that is 

determined. The notation ”POS” is the POS and the notation ”WORD” is the surface 

word. 
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3.3.3.5 EDU Segmentation by Syntactic Pattern 

The result of the shallow parser is a phrase chunked in a given text. The syntactic 

information from phrases chunked is source data for EDU segmentation. From 

observation, some points of syntactic structure can indicate the point of EDU 

segmentation. Table 3.9 shows examples of the syntactic pattern. 

 

Table 3.9 

Examples of the syntactic pattern 

Syntactic Pattern 

VRBpat:PRPpat:NP::VRBpat 

VRBpat:NP::VRIpat 

VRBpat:NP:ADVpat:PRPpat:NP::VRIpat 

VRIpat::PRPpat:VRBpat 

VRIpat:PRPpat:NP::PRL:VRBpat 

NP2::NP:VRBpat 

NP2::CON:VRBpat 

 

The pattern consists of a sequence of phrase types that connect with the colon symbol. 

The EDU segment point is indicated by the double colon symbol. NP and NP2 in the 

pattern are the encapsulated phrase type that consists of the head noun, preposition, 

verbal noun, amount, time, adjective, and determiner pattern. In some contexts, the 

EDU can be constructed by only head nouns and adjectives. That means some EDUs 

are looked like noun phrases. In this work, we define NP as a noun phrase on the EDU 

and NP2 is a noun phrase that is an EDU. We encapsulate NP and NP2 by using rules 

that NP2 can be composed of the head noun, adjective, and adverb that no preposition 
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is before the head noun and it is not followed by a verb. NP can be composed of the 

head noun, preposition, verbal noun, amount, time, adjective, and determiner. 

 

3.3.3.6 EDU Reconstruction by Rule-Based 

The noun list can be separated by space that needs to be reconstructed. Moreover, space 

is used in some writing style to separate some word such as subordinate word, noun 

phrase, or some parts of EDU that breaks the EDU structure by EDU segmentation by 

clue marker process. Some EDUs need to be reconstructed to increase the precision of 

the EDU structure. Rule-based is applied to analyze the partial EDU and then construct 

the new EDU structure. The rule consists of 3 parts: starting condition, combined 

condition, and commit condition. Table 3.10 shows examples of the EDU 

reconstruction rule. 

 

Table 3.10 

Examples of the EDU reconstruction rule 

No. 

 

Starting Combined Commit 

1 
 

Line is end with ”PRPpat” Line is NP Line is not NP and not bound 

2 
 

Line is end with ”VRBpat” Line is NP Line is not NP and not bound 

3 
 

Line is NP Line is NP Line start with ”VRBpat” and 
bound 

 

The EDU reconstruction process starts by finding the line that matches the starting 

condition. After that, if the next line matches the combined condition then merge this 

line with the starting line. Until the combined condition is not matched then check with 

the commit condition. If the commit condition is matched then check that the commit 
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line could be bound with the new EDU structure. If it is bounded then merge the last 

line with the new EDU structure. Lastly, if the commit condition is not matched then 

all the processes are canceled, and then try to the next rules. 

 

3.4 Ellipsis and Anaphora Resolution 

Anaphora resolution is an NLP task that solves the referent objects in text. The anaphora 

resolution research in Thai text is still rare (Aroonmanakun, 2000; Pathanasin, 2018). 

To find the complete semantics in Thai text, the anaphora resolution with acceptable 

precision is an essential key to success. Some phenomena are interesting problems that 

appear in Thai text on anaphora resolution. In the text, some anaphoras do not refer to 

any object but refer to the reader or the generalized object. The anaphora, that do not 

refer to any object in the text, is called non-referential anaphora. To resolve the 

reference of the anaphora, the anaphora have to resolve whether it is non-referential 

anaphora or not before. Moreover, some parts of the object can be omitted in Thai text 

such as the preposition of the owner. The omission of the preposition of the owner is 

called the ellipsis of the owner. The ellipsis of the owner is the language phenomenon 

that needs to be resolved to get complete information from the text. Due to the 

complicated of sentence breaking, The anaphora resolution in the EDU segmentation 

can be more useful. Discourse relation is the relationship between the discourse 

segment. Discourse relation is needed in the NLP application such as text 

summarization. However, it is possible to resolve the reference of the anaphora by do 

not use the discourse relation. 
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3.4.1 Anaphora in Thai Texts 

The anaphora is a linguistic tool for referencing a thing mentioned earlier in a discourse. 

A phenomenon like non-referential anaphora is an interesting item that affects the 

anaphora resolution in this work. The interesting information on the use of anaphora in 

Thai text is described in this section. 

 

3.4.1.1 Anaphora Types 

In this work, we define anaphora in 4 types which are zero anaphora, pronominal 

anaphora, nominal anaphora, and ellipsis of the owner. All types of anaphora are 

described as follows. 

Zero Anaphora: Zero anaphora is the use of a gap in the subject of a sentence 

that references the object in the prior sentence. There is normally a lot of use of 

zero anaphora in Thai text. The example of the use of zero anaphora is shown 

in Figure 3.11. 

 

 

Figure 3.11. Zero anaphora 
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In the first sentence, the word ”นกกระจอกเทศ(Ostrich)” is introduced in the subject 

of the sentence. In the next sentence, the subject is omitted by using the gap (φ) 

and there is only a verb phrase appears. Due to the use of zero anaphora, a Thai 

sentence can be formed by only a verb phrase. In the process of EDU 

segmentation, the embedded relative clause EDU can form a zero anaphora after 

EDU segmentation. The example of the embedded relative clause is shown in 

Figure 3.12. 

 

 

Figure 3.12. Embedded relative clause 

 

The clause contains 2 EDUs with the relative pronoun ”ท่ี(that)” on the first EDU 

and the second EDU can segment at the verb ”จะ(will) มี(has)”. The given clause 

can be segmented into 2 EDUs with the zero anaphora attached to the second 

EDU as Figure 3.13 below. 
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Figure 3.13. Zero Anaphora on the embedded relative clause after EDU 

segmentation 

 

After the EDU segmentation, the new zero anaphora will be exposed to the new EDU. 

This phenomenon happens many times in the corpus. The anaphora resolution could 

capture this phenomenon to make an accurate resolution. 

 

Pronominal Anaphora: Pronominal anaphora is the use of pronouns to refer 

to the object in the prior sentence. A pronoun is a fundamental linguistic tool to 

refer to the thing that has been introduced in the antecedent. The example of the 

use of the pronoun is shown in Figure 3.14. 

 

 

Figure 3.14. Pronominal anaphora 
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The pronoun ”พวกมนั(they)” in the second sentence refers to the word ”แมว(cat)” 

that has been introduced in the first sentence. The use of the pronoun is widely 

used in the corpus. The resolution of the pronoun may need additional 

information such as gender, and number to resolve the reference. 

 

Nominal Anaphora: Nominal anaphora is the use of nouns with a determiner 

to refer to the object in the prior sentence. A Noun that is nominal anaphora can 

be a supertype (hyponymy) of the reference. A determiner can be used as an 

indication to identify the nominal anaphora. The example of the nominal 

anaphora is shown in Figure 3.15. 

 

 

Figure 3.15. Nominal anaphora 

 

The word ”นก(bird)” with the determiner ”ชนิด(kind)น้ี(this)” in the second 

sentence is a nominal anaphora that refers to the word ”นกกระจอกเทศ(ostrich)” in 

the first sentence. Moreover, the same headword can be used as a nominal 

anaphora to refer to the same word with a related adjective as Figure 3.16. 
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Figure 3.16. Nominal anaphora on the same head word 

 

The word ”นกกระจอกเทศ(ostrich)” with the determiner ”พนัธ์ุ(type)น้ี(this)” in the 

second sentence refers to the same word ”นกกระจอกเทศ(ostrich)” with the related 

adjective ”พนัธ์ุ(type)คอ(neck)น ้าเงิน(blue)” in the first sentence. These phenomena 

occur many times in the corpus. This anaphora can be resolved with the 

utilization of the semantic ontology to resolve the hyponymy. 

 

Ellipsis of the owner: Nouns in Thai text can omit the preposition of the owner 

that was introduced in the antecedent. Mostly, a part-of or meronymy is a 

semantic relation that attaches between a noun and the ellipsis. The example of 

the ellipsis of the owner is shown in Figure 3.17. 

 

 

Figure 3.17. Ellipsis of the owner 
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The word ”นกกระจอกเทศ(ostrich)” is introduced in the first sentence. In the second 

sentence, the word ”ผิวหนงั(skin)” omits the preposition of the owner ”ostrich”. 

However, the reader still knows that the skin is the skin of the ostrich. 

Additional information like the ontology of meronymy is needed for resolving 

the ellipsis of the owner. 

 

3.4.1.2 Referential and Non-Referential Anaphora 

Anaphora generally refer to the reference object in the antecedent. There is an 

interesting phenomenon that anaphora may not refer to any object in text. Therefore, 

the anaphora can be tagged into 2 kinds that are referential and non-referential 

anaphora. 

Referential Anaphora: Referential anaphora means any type of anaphora that 

refers to the object in the text. Mostly, the anaphora that appear in the text is the 

referential anaphora. From the observation in the corpus, the pronoun, zero 

anaphora, and ellipsis of the owner mostly refer to the existing entities in the 

text. However, there is a lot of nominal anaphora that does not refer to any object 

in the text. Before resolving the referential anaphora, the anaphora could be 

identified that is referential or non-referential anaphora. 

 

Non-Referential Anaphora: Non-referential anaphora means any type of 

anaphora that does not refer to any explicit entity in text. Any type of anaphora 

can be a non-referential anaphora. In zero anaphora, non-referential anaphora 
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occurs mostly from the use of the verb of occurrence. The example of non-

referential anaphora in zero anaphora is shown in Figure 3.18. 

 

 

Figure 3.18. Non-referential in zero anaphora 

 

The word ”เกิด(occur)” in the second sentence is a verb of occurrence that makes 

this sentence forms only a verb phrase. The zero anaphora in this sentence does 

not refer to any object in the antecedent. There are some verbs that can generate 

the non-referential anaphora in zero anaphora such as ”เกิด(occur, birth)”, ”มี

(happen, has)”, and ”เป็น(be)”. There is the pronoun ”เรา(we)” that can refer to the 

reader or general people that do not refer to any object in text. The example of 

non-referential anaphora in pronominal anaphora is shown in Figure 3.19. 

 

 

Figure 3.19. Non-referential in pronominal anaphora 
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The word ”(we)” in the second sentence refers to the general people that do not 

exist in the text. In nominal anaphora, there is the word with some determiner 

that refers to the general object that is not specified to any object in the text. 

Figure 3.20 shows the example of the non-referential in nominal anaphora. 

 

 

Figure 3.20. Non-referential in nominal anaphora 

 

The word ”ต่าง ๆ(various)” makes the noun ”แมว(cat)” be general and not specify 

to any object in the text. The surface word could be used for learning to identify 

which nominal anaphora could be non-referential anaphora. 

 

3.4.2 The Resolution 

There are 3 steps of processes in the anaphora resolution: anaphora determiner, 

resolution for non-referential anaphora, and resolution for referential anaphora. 

Anaphora determiner is the algorithm for determining the anaphora type in EDU. After 

that, the resolution for non-referential anaphora is applied to distinguish the anaphora 

which is the non-referential or referential anaphora. Finally, the resolution for 

referential anaphora is applied to find the reference of the referential anaphora from the 

antecedent EDU. The ontology is a background knowledge that contains semantic 
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concepts and semantic relations such as meronymy and hyponymy. The ontology is 

significant in the anaphora determiner and is a component of the feature set for the 

anaphora resolution process. Figure 3.21 shows the overview of the anaphora resolution 

processes. 

 

 

Figure 3.21. Overview of the anaphora resolution processes 

 

In Figure 3.21, the anaphora determiner algorithm is the process of determining the 

anaphora type for instance zero, nominal, pronominal, and also the ellipsis. The ellipsis 

is determined by using the semantic relation in the ontology to identify which noun 

phrase is part of something. After all anaphora is identified, the resolution for non-

referential anaphora is worked to determine that which anaphora is the non-referential 

anaphora. Consequently, the resolution for referential anaphora is worked to determine 

the referent of all anaphora and also the ellipsis. 
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3.4.2.1 Corpus Preparation for Anaphora Resolution 

The corpus for anaphora resolution has come from the result of The EDU segmentation 

process. The corpus will be tagged with the additional information for training in the 

anaphora resolution training model. The entities in the corpus will be tagged the number 

for reference. Each anaphora will be tagged with the number and the reference number. 

The zero number will tag in the reference number in the case of the non-referential 

anaphora. Figure 3.22 shows the example of the anaphora tagging in the corpus. 

 

 

Figure 3.22. Anaphora tagging in the corpus 

 

3.4.2.2 Anaphora Determiner Algorithm 

The anaphora determiner algorithm is the algorithm to indicate that each phrase in EDU 

is the entity or the anaphora and also identify the anaphora type to the anaphora. The 

rule-based is applied to make a decision to indicate the entity and identify the anaphora 

type. The anaphora determiner algorithm is shown in Figure 3.23. 
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Figure 3.23. Anaphora determiner algorithm 

 

The non-recursive phrases that appear in the algorithm are head noun (HNpat), verbal 

noun (VNNpat), time (TIMEpat), classifier (CLSpat), determiner (DETpat), adjective 

(ADJpat), amount (AMTpat), transitive verb (VRBpat), and intransitive verb (VRIpat). 

After finished the anaphora determiner process, the entities and all anaphora will be 

tagged with the identification number for reference. 

input: Q us an array of EDU 
begin 

    foreach E in Q do 
        if E has no subject with (VRBpat,VRIpat,ADJpat) then 
            Mark Zero at the subject 
        end 

        foreach H is (HNpat,VNNpat,AMTpat,DETpat) in E do 
            if There is pronoun in H then 
                Mark Pronominal 
            else if H is (HNpat,VNNpat) and connect withnDETpat then 
                Mark Nominal 
            else if H is HNpat and has part-of relation and is a subject then 
                if H follows by the preposition of the owner then 
                    Mark Entity 
                else 

                    Mark Ellipsis 
                end 

            else if H is (DETpat,AMTpat) with no  
            (HNpat,TIMEpat,CLSpat,DETpat,ADJpat) before then 
                Mark Entity 
            else if H is (HNpat,VNNpat) then 
                Mark Entity 
            else 

                continue 
            end 

        end 

    end 

end 
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3.4.2.3 Resolution for Non-Referential Anaphora 

In this work, the first step to resolving the anaphora is to identify whether the anaphora 

is a non-referential or referential anaphora. The ranking model (Denis & Baldridge, 

2008) is selected to resolve the non-referential and also the referential anaphora. The 

ranking model is shown in the equation 3.4. 

 

 

            
(3.4) 

 

In equation 3.4, π stands for the anaphora type, φi for the antecedent candidate, fj for 

the feature function, wj for the weight of the feature function, and k for the iterator of 

all candidates. In the training process, the weight adjustment is defined in the equation 

3.5. 

 

 

(3.5) 

 

The features are extracted from the tagged corpus and then store in the database for 

training purposes. The structure of the feature consists of 3 parts that are feature type, 

feature value, and weight. Table 3.11 shows the example of the features of non-

referential anaphora in the database. 
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Table 3.11 

Example of the features of non-referential anaphora in the database 

Features Weight 

 

elip0N6:CON 
 

1.25329154714611 

zero0N4:บาง_ที 
 

2.65211400253568 

pro0N1:ไม_่ได_้ต่อตา้น 
 

1.05137012602686 

zero0N7:เรียนรู้ 
 

1.02143300771681 

zero0N7:ยงั_ชอบ_กิน 
 

2.61727791578152 

pro0Y5:CON 
 

1.8745485653644 

 

The feature type and the feature value are encapsulated to the string with the colon 

connector. The first part of the string is the feature type and the second part is the feature 

value. The feature type ”zero0N4” encapsulated 3 meanings. ”zero” means zero 

anaphora. ”0N” means is not non-referential anaphora. And ”4” means the fourth kind 

of feature value. 16 kinds of feature values are used to indicate the non-referential 

anaphora. Table 3.12 shows the kinds of feature values for non-referential anaphora. 
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Table 3.12 

Kinds of feature values for non-referential anaphora 

1.verb 2.verb pos 3.verb phrase type 

4.word in front 5.word pos in front 6.word phrase type in front 

7.word behind 8.word pos behind 9.word phrase type behind 

10.syntactic position 11.head or part of noun 12.word 

13.pos 14.phrase type 15. start paragraph 

16. end paragraph   

 

Verb, syntactic information, and word that surround the anaphora are used as the 

features for the training model. Due to the non-referential anaphora having no 

reference, then only surface words and some syntactic information are considered to be 

used to indicate the non-referential anaphora. 

 

3.4.2.4 Resolution for Referential Anaphora 

The features for referential anaphora are also extracted from the tagged corpus and then 

store in the database. The feature structure consists of 4 parts that are feature type, 

feature value, distance, and weight. Table 3.13 shows the example of the features of 

referential anaphora in the database. 
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Table 3.13 

Example of the features of referential anaphora in the database 

Features Weight 

 

zeroXA7:มกัจะ_ท า:1 
 

1.70678539113928 

elipXB15:ขน:นกกระจอกเทศ 
 

1.09692873658293 

zeroXC4:ยอ่มท่ีจะ:ส าหรับ:1 
 

1.0 

proXB10:Dobject:2 
 

1.09317637004032 

nomXB1:ซ่อน:1 
 

1.00003546264457 

zeroXB12:นก:8 
 

4.11060974191702 

 

The feature value can be one value or pair value of anaphora and reference. Then, the 

feature value for referential anaphora can be divided into 3 groups: anaphora value, 

reference value, and pair of anaphora and reference value. The first group is the value 

of the anaphora and the surrounding information. 16 kinds of the first feature values on 

the anaphora side are used to indicate the referential anaphora. Table 3.14 shows the 

first group of feature values on the anaphora side. 
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Table 3.14 

First group of feature values on the anaphora side 

1.verb (anaphora) : distance 

2.verb pos (anaphora) : distance 

3.verb phrase type (anaphora) : distance 

4.word in front (anaphora) : distance 

5.word pos in front (anaphora) : distance 

6.word phrase type in front (anaphora) : distance 

7.word behind (anaphora) : distance 

8.word pos behind (anaphora) : distance 

9.word phrase type behind (anaphora) : distance 

10.syntactic position (anaphora) : distance 

11.head or part of noun (anaphora) : distance 

12.word (anaphora) : distance 

13.pos (anaphora) : distance 

14.phrase type (anaphora) : distance 

15. start paragraph (anaphora) : distance 

16. end paragraph (anaphora) : distance 

 

The second group is the value of the reference and the surrounding information. 17 

kinds of the second feature values on the reference side are shown in Table 3.15. 
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Table 3.15 

Second group of feature values on the reference side 

1.verb (reference) : distance 

2.verb pos (reference) : distance 

3.verb phrase type (reference) : distance 

4.word in front (reference) : distance 

5.word pos in front (reference) : distance 

6.word phrase type in front (reference) : distance 

7.word behind (reference) : distance 

8.word pos behind (reference) : distance 

9.word phrase type behind (reference) : distance 

10.syntactic position (reference) : distance 

11.head or part of noun (reference) : distance 

12.word (reference) : distance 

13.pos (reference) : distance 

14.phrase type (reference) : distance 

15.word (anaphora) : word (reference) 

16.is-head-word-match : distance 

17. is-hyponymy : distance 

 

The third group is the pair value of the anaphora and reference and the surrounding 

information. 14 kinds of the third feature values on both sides of anaphora and reference 

are shown in Table 3.16. 
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Table 3.16 

Third group of feature values on both sides of anaphora and reference 

1.verb (anaphora) : verb (reference) : distance 

2.verb pos (anaphora) : verb pos (reference) : distance 

3.verb phrase type (anaphora) : verb phrase type (reference) : distance 

4.word in front (anaphora) : word in front (reference) : distance 

5.word pos in front (anaphora) : word pos in front (reference) : distance 

6.word phrase type in front (anaphora) : word phrase type in front (reference) : 

distance 

7.word behind (anaphora) : word behind (reference) : distance 

8.word pos behind (anaphora) : word pos behind (reference) : distance 

9.word phrase type behind (anaphora) : word phrase type behind (reference) : 

distance 

10.syntactic position (anaphora) : syntactic position (reference) : distance 

11.head or part of noun (anaphora) : head or part of noun (reference) : distance 

12.word (anaphora) : word (reference) : distance 

13.pos (anaphora) : pos (reference) : distance 

14.phrase type (anaphora) : phrase type (reference) : distance 

 

A total of 47 kinds of feature values are used in the resolution for referential anaphora. 

The distance is set to the maximum of 10 EDUs between the anaphora and the reference. 

The ranking model is used to find the best probabilistic on the antecedent candidates 

that are up to 10 EDUs. 
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3.5 Semantic Parser 

The semantic parser is the process to construct the semantic frame after all of the text 

is finished the processes of the Thai morphological analysis and the anaphora 

resolution. Syntactic phrase structure and surface word are the crucial data that are used 

to construct the semantic frame structure: semantic label, semantic ID, and semantic 

frame type. The semantic parser consists of 2 parts: word sense disambiguation, and 

semantic frame construction. The process of word sense disambiguation is the process 

to identify the correct semantic ID for the surface word in syntactic phrase structure. 

After the correct semantic ID is identified, the semantic frame is constructed by the 

semantic frame construction process. The example of transforming from syntactic 

phrase structure with semantic ID to semantic frame structure is shown in Figure 3.24. 

 

 

Figure 3.24. The example of transforming from syntactic phrase structure 

with semantic ID to semantic frame structure 
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3.5.1 Word Sense Disambiguation 

Word sense disambiguation is the process to recognize the actual semantics of the target 

surface word. Some surface words can vary in meaning depending on their context. In 

this work, the word sense disambiguation process is divided into 2 parts: corpus 

tagging, and semantic disambiguation. 

 

3.5.1.1 Corpus Tagging 

The tagged corpus by the semantic ID is the important data source for the training 

process. Every surface word in the corpus will be tagged the semantic ID. The semantic 

ID is the running number for representing the semantic concept that we have recognized 

in the corpus. The running number of the semantic ID is predefined manually during 

the corpus tagging. When the word with a new semantic is recognized, the new running 

number is defined in the corpus by the human. The semantic ID will be tagged with the 

”@” symbol together with the running number. The semantic ID is tagged along with 

the POS tagging in the corpus. Figure 3.25 shows the example of a tagged corpus by 

the semantic ID. 
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Figure 3.25. The example of tagged corpus by the semantic ID 

 

The semantic ID will be tagged after the POS of the surface word with the ”@” symbol 

to represent the semantic concept. The semantic dictionary is also an important source 

of the semantic disambiguation process that contains the semantic ID, surface word, 

and word POS. The semantic dictionary can be generated from the tagged corpus. Table 

3.17 shows the examples of semantic dictionary. 
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Table 3.17 

The examples of semantic dictionary 

Semantic ID Word POS 

 

232 เสือชีตาห์ (cheetah) NCM 

232 เสือชีตา้ (cheetah) NCM 

236 เสือปลา (fishing cat) NCM 

266 โค (cow) NCM 

266 ววั (cow) NCM 

271 ใต ้(under) NPP 

272 ใต ้(under) PRP 

 

 

3.5.1.2 Semantic Disambiguation 

Semantic disambiguation is the process that recognizes the most matched semantic ID 

to the surface word. The learning model utilized the semantic dictionary and tagged 

corpus to find the probability of each semantic ID for the surface word. The context 

surrounding the surface word is captured to define the features of the training model. 

The ranking model is applied as the learning model that is shown in the equation 3.6. 

 

 
(3.6) 

In equation 3.6, Θ stands for the semantic ID, ηi for the surface word, fj for the feature 

function, wj for the weight of the feature function, and k for the iterator of all candidates. 

In the training process, the weight adjustment is defined in the equation 3.7. 
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(3.7) 

After finishing the training, the weight will be adjusted for each feature and stored in 

the database. There are 7 feature type is defined in the semantic concept training. Table 

3.18 shows the feature types for the semantic concept training. 

 

Table 3.18 

The feature types for the semantic concept training 

1 : Word : POS : Semantic ID : Verb Word : POS 

2 : Word : POS : Semantic ID : Phrase Types 

3 : Word : POS : Semantic ID : Other Word : POS 

4 : Word : POS : Semantic ID : Next Phrase Type 

5 : Word : POS : Semantic ID : Head Word Next Phrase : POS 

6 : Word : POS : Semantic ID : Previous Phrase Type 

7 : Word : POS : Semantic ID : Head Word Previous Phrase : POS 

 

 

The features are extracted from the tagged corpus for each feature type. The learning 

model will adjust the weight of each feature for finding the probability of each semantic 

ID for the surface word. Table 3.19 shows the examples of the feature that are extracted 

from the tagged corpus. 
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Table 3.19 

The examples of the feature that are extracted from the tagged corpus 

Features Weight 

 

7:ใน:PRP:1462:ไข่:NCM 
 

0.204908678545273 

1:ใน:PRP:1462:ผสมพนัธ์ุ:VRB 
 

0.21813734675515 

1:เป็น:VPO:937:แบ่ง:VRB 
 

0.223162095723574 

3:เป็น:VPO:2394:เป็น:VPO 
 

0.238678805127176 

2:เป็น:VPO:2394:PRPpat 
 

0.238678805127176 

5:ใน:PRP:2419:สถานท่ี:NCM 
 

0.260730558129846 

5:จาก:PRP:1474:none:none 
 

0.271167453222577 

4:จาก:PRP:1474:none 
 

0.271167453222577 

7:จาก:PRP:1474:สาเหตุ:NCM 
 

0.271167453222577 

5:ใน:PRP:1462:เลือกตั้ง:VRB 
 

0.272657467303031 

7:เป็น:VPO:937:แบ่ง:VRB 
 

0.285647147370223 

 

 

In Table 3.19, the weight of the feature is affected to the determined of the semantic ID 

process. The higher weight of the feature makes it more probability to determine the 

semantic ID of that surface word. Also, the lower weight of the feature can cause the 

low probability of that semantic ID to the surface word. 
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3.5.2 Semantic Frame Construction 

Semantic frame construction is the process to transform the syntactic phrase structure 

into the semantic frame as the knowledge representation. The semantic frame will be 

generated by the activating of semantic frame construction rules that contain the 

semantic construction information. 

 

3.5.2.1 Frame-based Knowledge Representation 

The syntactic phrase structure will be formulated into a frame-based representation for 

representing the semantic structure. The frame can be formulated as the below 

formulas. 

 
Fr = (S,V) (3.8) 

 
{Sm,Su,Ob,Md,Nd,At,Ax,T m,Dt,Fo,To,Nm,Nm2,Cl,Ty,Co} ∈ S (3.9) 

 
{Se,Num,Fr,St} ∈ V (3.10) 

 

Where: 

Fr is the semantic frame 

S is the slot name 

Sm is the semantic slot 

Su is the subject slot 

Ob is the object slot 
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Md is the modifier slot 

Nd is the noun modifier slot 

At is the attribute slot 

Ax is the auxiliary slot 

Tm is the time slot 

Dt is the determiner slot 

Fo is the from slot 

To is the to name 

Nm is the number slot 

Nm2 is the number2 slot 

Cl is the classifier slot 

Ty is the type slot 

Co is the comparative slot 

V is the slot value 

Se is the semantic ID 

Num is the number value 

St is the string value 
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In this work, there are 6 semantic frame types: action, object, modifier, attribute, time, 

and determiner frame. The syntactic phrase structure will be transformed into these 6 

semantic frame types to represent the semantic structure. 

 

The action frame consists of 7 slots: semantic, subject, object, modifier, attribute, 

auxiliary, and time. Figure 3.26 shows the structure of the action frame. The ”@” 

symbol refers to the semantic ID and the other slot may contain the other frame type. 

The semantic slot contains the semantic ID of the action verb in EDU. The subject slot 

contains the list of object frames that are the subject of the action. The object frame 

contains the list of the object frame. The modifier slot contains the list of the modifier 

that infer from the preposition in the EDU. The attribute frame contains the list of the 

attribute that infer from the adverb in the EDU. The auxiliary frame contains the list of 

the semantic ID of the auxiliary word that occurs in the action verb. And the time frame 

contains the list of time series that occur in the EDU. 

 

 

Figure 3.26. The structure of the action frame 
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The object frame consists of 5 slots: semantic, nmodifier, modifiers, attribute, and 

determiner. Figure 3.27 shows the structure of the object frame. The semantic slot 

contains the semantic ID of the object that is the head noun in the head noun phrase in 

EDU. The nmodifier slot contains the list of the semantic ID of the noun modifier that 

occurs along with the head noun in the head noun phrase. The modifier slot contains 

the list of modifier frames that infer from the preposition phrase that attaches to the 

head noun phrase. The attribute slot contains the list of the attribute frame that infer 

from the adjective phrase that attaches to the head noun phrase. The determiner slot 

contains the list of the determiner frame that infer from the determiner phrase that 

attaches to the head noun phrase. 

 

 

Figure 3.27. The structure of the object frame 

 

The modifier frame consists of 2 slots: semantic, and object. Figure 3.28 shows the 

structure of the modifier frame. The semantic slot contains the semantic ID of the 

preposition that occurs in the preposition phrase. The object slot contains the object in 

the preposition phrase. 
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Figure 3.28. The structure of the modifier frame 

 

The attribute frame consists of 9 slots: fuzzy, semantic, comparative, attribute, 

classifier, num, num2, object, and auxiliary. Figure 3.29 shows the structure of the 

attribute frame. The fuzzy slot contains the semantic ID of the word that makes the 

value in the attribute be the approximate or obscure value such as ”ประมาณ

(approximate)”, ”ราว ๆ (about). The semantic slot contains the semantic ID of the attribute 

word that occurs in the adjective or adverb phrase. The comparative slot contains the 

list of the object frame that is the comparative object in the adjective phrase. The 

attribute slot contains the list of the attribute frame that is the modifier of the attribute 

such as ”มาก(very)”. The classifier slot contains the semantic ID of the classifier which 

is the unit of measurement that occurs along with the numeric data in the adjective 

phrase. The num and num2 contain the numeric data that occur in the adjective phrase. 

The object slot contains the list of the object that occur along with the attribute in the 

adjective phrase. The auxiliary slot contains the list of the semantic ID of the auxiliary 

word that occurs in the adjective phrase. 
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Figure 3.29. The structure of the attribute frame 

 

The time frame consists of 5 slots: from, to, num, classifier, and semantic. Figure 3.30 

shows the structure of the time frame. The from slot contains the series of the semantic 

ID of time which is the starting time in the action. The to slot contains the series of the 

semantic ID of time which is the ending time in the action. The num slot contains the 

numeric date of the time value. The classifier slot contains the classifier that is the time 

measurement that occurs in the time phrase. The semantic slot contains the semantic ID 

of time that is wordy time such as ”เร็ว ๆ น้ี(soon)”. 
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Figure 3.30. The structure of the time frame 

 

The determiner frame consists of slots: num, classifier, semantic, and time. Figure 3.31 

shows the structure of the determiner frame. The num slot contains the numeric data 

that occurs in the determiner phrase. The classifier slot contains the semantic ID of the 

measurement unit that occurs along with the numeric value in the determiner phrase. 

The semantic slot contains the semantic ID of the determiner word. The time slot 

contains the list of the time frame that occurs in the determiner phrase. 

 

 

Figure 3.31. The structure of the determiner frame 
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3.5.2.2 Semantic Frame Construction Rules 

The semantic frame construction rule is the set of rules that contain the construction 

information for constructing the semantic frame. There are 3 types of semantic frame 

construction rules: frame activation rule, constraint rule, and slot extraction rule. 

 

The frame activation rule is the rule for activating to create the semantic frame. The 

syntactic phrase structure will be applied to each frame activation rule until it satisfies 

the pattern matching in the rule and then that rule will be activated. The frame activation 

rule consists of 3 parts: rule name, pattern matching, and constructed information. The 

rule name starts with the ”!” symbol and follows with the rule name. Pattern matching 

is the sequence of phrase structures in EDU that will be matched to activate the rule. 

The constructed information is the constraint rule or the slot extraction rule along with 

the pattern input as constructed information. Each part of the rule will be separated by 

the ”;” symbol. The frame activation rule will be active when the pattern matching is 

matched with the input EDU. And then the semantic frame will be created. After that, 

the constructed information will be active to extract information to the frame slot. The 

syntax of the frame activation rule is defined below. 

 

rn[:fn];pt[;#rn;ip][;@rn:sl;ip] 

 

The ”rn” is the rule name and the ”fn” is the option for the frame name. If the frame 

name is not provided, the rule name will be the frame name. The ”pt” is the pattern 

matching. And the last part can follow by the number of the constraint rule or the slot 
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extraction rule. The constraint rule is the rule with the ”#” symbol and the slot extraction 

rule is the rule with the ”@” symbol. The ”ip” is the input for the constraint rule and 

the slot extraction rule that is referring to the position of the pattern matching. An 

example of the frame activation rules is shown below. 

 

!Time;PRPpat,TIMEpat,AMTpat,TIMEpat,TIMEpat;#Time;$0; 

@Time_semantic:From;$0,$1,$2,$3,$4 

 

The first part is ”!Time” which is the rule name and can activate to create the time 

frame. The second part is ”PRPpat,TIMEpat,AMTpat,TIMEpat,TIMEpat” which is the 

pattern matching in phrase type. If the input EDU is matched with this pattern matching, 

this rule will be activated. The next part is the constructed information. The ”#Time;$0” 

is the constraint rule with the input of position 0 of pattern matching. The constraint 

rule ”#Time” is used to check the condition in its input. If the result of the constraint 

rule is ”true”, the frame activation rule can be active. The ”$” symbol means to send 

the content in the phrase to the rule that means to the POS in the ”PRPpat” phrase. The 

”@Time_semantic:From” is the slot extraction rule. The ”$0,$1,$2,$3,$4” is the input 

of the slot extraction rule. The result of the extraction rule will be the information for 

the ”From” slot in the ”Time” frame if the input pattern is matched. 

 

The constraint rule is the rule for checking conditions and the result is the ”true” or 

”false” value. The constraint rule consists of 2 parts: rule name and pattern matching. 

The rule name starts with the ”#” symbol and follows with the rule name. The syntax 
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of the constraint rule is defined below. #rn;pt The ”rn” is the rule name and the ”pt” is 

the pattern matching. An example of the constraint rules is shown below.  

 

#VModifier;VPO@1087,PRP@2419 

 

The first part is ”#VModifier” which is the rule name. The second part is 

”VPO@1087,PRP@2419” which is pattern matching. The POS along with the 

semantic ID is used for matching the input pattern. If the input pattern is 128 matched, 

the result of the constraint rule is a ”true” value. 

 

The slot extraction rule is the rule for identifying the semantic ID in the pattern as the 

output of the rule. The slot extraction consists of 4 parts: rule name, pattern matching, 

semantic identifying, and repeated extraction rule. The rule name starts with the ”@” 

symbol and follows with the rule name. The syntax of the slot extraction is defined 

below.  

 

@rn;pt;op[;op][;@[re]] 

 

The ”rn” is the rule name, the ”pt” is the pattern matching, and the ”op” is the position 

of pattern matching that will result in semantic ID as the output of the rule. The semantic 

ID can be constructed as the compound semantic ID if it is the compound semantic such 

as the verbal noun. The ”@” symbol at the last is the recursive slot extraction if that 
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frame slot contains the series of the semantic ID. An example of the slot extraction rule 

is shown below.  

 

@Time_semantic;PRP@1594,NCT,FXO,NUM,*;1;3;@ 

 

The first part is ”@Time_semantic” which is the rule name. The second part is 

”PRP@1594,NCT,FXO,NUM,*” which is the pattern matching. The ”*” symbol in the 

pattern matching means zero or more patterns. the third part is ”1;3” which means the 

output of this rule is the semantic ID at position 1 and position 3 of the pattern. The last 

part is the ”@” symbol means that if there are more 129 patterns, the rest pattern will 

be sent to another slot extract rule. In pattern matching, If there is the ”*” symbol in the 

front of the pattern, that means that pattern can exist or not. For example, if the pattern 

matching is ”HNpat, *DETpat”, the pattern ”HNpat” is still matched. The pattern 

matching can be recursive in the frame activation rule. For example, if the pattern 

matching is ”HNpat,!Attribute”, the pattern ”!Attribute” means the recursive pattern in 

the ”!Attribute” rule. Figure 3.32 shows the example of semantic frame construction 

rule. 
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Figure 3.32. The example of semantic frame construction rule 

 

3.5.2.3 Knowledge Base 

The syntactic phrase structure in the corpus will transform into the semantic frame as 

the knowledge of the question-answering system. Each EDU will be matched to each 

activation rule to construct the semantic frame with the information in each slot. The 

semantic frame is converted to the JSON format and stored in the text file as the 

knowledge base. The syntactic phrase structure is stored along with the semantic frame 

as a reference. Figure 3.33 shows the example of the knowledge base. 
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Figure 3.33. The example of knowledge base 

 

3.6 Answer Extraction 

Answer extraction is a process that extracts the precise answer from the knowledge base 

by using the question semantic structure that produces from a semantic parser the same 

process as the building of the knowledge base. The pattern matching technique is the 

technique that is used in the answer extraction process to identify the semantic ID that 

is the answer from the knowledge base. Figure 3.34 shows the process of answer 

extraction from question to answer. 
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Figure 3.34. The process of answer extraction from question to answer 

 

3.6.1 Frame Matching 

The question sentence will transform to the semantic frame with the semantic ID of the 

question word for the query intention. The semantic ID of the question word will be 

located at the position of the frame slot so that the frame matching technique can query 

the answer from the knowledge base. Table 3.20 shows the question words and the 

semantic ID. 
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Table 3.20 

The question words and the semantic ID 

Question Word 

 

POS Semantic ID 

ใคร(who) 
 

QOB @2433 

เม่ือไหร่(when) 
 

QAT @2434 

ไหน(where) 
 

QOB @2435 

ใด(which) 
 

QAR @2436 

ใด(what) 
 

QOB @2437 

เท่าไหร่(how much) 
 

QAT @2438 

อะไร(what) 
 

QOB @2439 

อะไร(which) 
 

QAR @2440 

ก่ี(how many) 
 

QAT @2441 

 

The question sentence transforms to the question semantic frame and applies to query 

the answer in the knowledge base. Each semantic frame in the knowledge base will 

retrieve to match with the question semantic frame one by one to identify the semantic 

ID that could be the answer. After identifying all the answers, the semantic ID will be 

converted to a Thai word using a semantic dictionary and replied to the user. Figure 

3.35 shows the example of frame matching for what question and Figure 3.36 shows 

the example of frame matching for how many question 
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Figure 3.35. The example of frame matching for what question. 

 

Figure 3.36. The example of frame matching for how many question. 
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3.6.2 Fuzzy Matching 

Fuzzy logic in natural language processing is an interesting topic to integrate the fuzzy 

concept into the natural language processing research (Gupta et al., 2018; Novák, 1992, 

2017a). In this work, the fuzzy theory is adapted to calculate the information in the 

attribute frame. The attribute frame is the frame that contains information about the 

attribute of the object such as color, size, and weight. The adjective in a noun phrase is 

the origin of the content of the attribute frame. The value in the attribute frame can be 

a series of semantic IDs and the range of a number of measurements. The membership 

function is defined for calculating the similarity of the value in the attribute frame 

between the question semantic frame and the knowledge base. There are 2 types of 

membership functions for the attribute value: membership function in measurement 

value and membership function in semantic ID. And then, the confidence value is the 

aggregate of all of the values from the membership function in the attribute frame. 

 

3.6.2.1 Membership Function in Measurement Value 

The attribute of the object can be the measurement value such as weight and height. 

The value in the attribute mostly appears in range numbers. For example. the sentence 

”เสือหนกัประมาณ 180 - 245 กิโลกรัม (Tiger weighs about 180 – 245 kilograms.)” show the 

weight in range 180 to 245 kilograms. If there is the question ”What weighs about 170 

kilograms?”, the tiger could be the answer due to its weight being very close, but it will 

be less confident. The trapezoidal membership function is considered to apply to 

estimate the membership value of the measurement value in the attribute frame. The 

trapezoidal membership function is defined in equation 3.11. 
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(3.11) 

 

In equation 3.11, x stands for the number in the question. l for the lower value and h 

for the higher value. The membership value of the lower value will decrease to 0 when 

the lower value is decreased to 80% and the membership value of the higher value will 

decrease to 0 when the higher value is increased to 120%. 

 

3.6.2.2 Membership Function in Semantic ID 

The attribute of the object may be not the number but semantic ID instead. The color 

and taste are examples of the attribute of the object that is word value. The membership 

function for the word value attribute can be estimated by counting the joint semantics 

between both attribute frames. The membership function in semantic ID between the 

attribute frame can be defined in equation 3.12. 

 

 

 
(3.12) 

 

In equation 3.12, A1 stands for the semantic ID member of the attribute frame 1 and 

A2 for the semantic ID member of the attribute frame 2. 
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3.6.2.3 Confidence Value 

The membership value of each attribute frame will aggregate to one value for the whole 

semantic frame called the confident value. The confident value is the value that reflects 

the consistency matching between the semantic frame. The production of all the 

membership values of each attribute is considered to calculate the confident value of 

the matching.The confident function is defined in equation 3.13. 

 

 

 
(3.13) 

 

θ1 stands for semantic frame 1 and θ2 for semantic frame 2. i for the number of attribute 

frames in both semantic frames and f for the membership function. 

 

3.7 Evaluation 

The criteria of evaluation of the question answering system that is proposed by Breck 

et al. (2000) will determine that the correctness and completeness are chosen to evaluate 

the question answering system with the precision, recall, and F1 measurement. Suppose 

α is the number of facts that is retrieved from the system, β is the number of corrected 

fact that is retrieved from the system, and η is the number of all corrected fact in the 

system. Then we can define the precision, recall and F measurement that are shown in 

equation 3.14, equation 3.15, and equation 3.16 as below: 
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(3.14) 

 

 

(3.15) 

 

 
(3.16) 

 

3.8 Summary 

After the whole process, the text is analyzed by the process of morphological analysis 

and then by a semantic parser to create the knowledge in frame-based representation. 

In the user view, the question is entered to generate the question semantic structure. 

The question semantic structure is used by answer extraction to extract the semantic ID 

from knowledge-based and then generate the answer for the user. 
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CHAPTER FOUR 

EXPERIMENTAL RESULTS 

This section describes the experimental results from each methodology. The results are 

stated in the word segmentation and POS tagging. Then the following are the EDU 

segmentation process, the ellipsis and anaphora resolution, the word sense 

disambiguation, and answer extraction. 

 

4.1 Word Segmentation and POS Tagging 

Our corpus for training contains a total of 18,248 words with POS tagging. Dictionary 

contains 2,171 words for word segmentation and 52 words for the shallow parser. There 

are 235 POS patterns for the word correction process. There are 58,750 features of the 

CRF model for word segmentation and 11,975 features for the shallow parser. There 

are 114 syntactic patterns and 12 EDU reconstruction rules in the EDU segmentation 

process. The precision, recall, and F1 score are used to evaluate the algorithm. The 

measures can be defined as follows. 

 

  (4.1) 

 

   (4.2) 

 

     (4.3) 
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The results of word segmentation are shown in Figure 4.1 that shows the bar chart of 

the results of word segmentation. CRF shows a good performance for word 

segmentation. However, CRF tends to segment words that could be one word to be 

more chunks. Word segmentation by machine learning (Aroonmanakun, 2002; 

Kawtrakul & Thumkanon, 1997; Kongyoung et al., 2015; Kruengkrai et al., 2006) 

produces some errors due to segmented words into more chunks. The extra process is 

needed to gain more precision in the word segmentation process. To increase the 

precision of results, the word segmentation correction and the POS re-tagging process 

are applied. The fragment word is reconstructed into a correct word-by-word 

segmentation correction process that can boost the precision and recall significantly. 

The re-tagging process can increase a little of precision and recall. 
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Figure 4.1. Bar chart of the results of word segmentation 

 

4.2 EDU Segmentation 

The clue marker is useful to partially segment EDU. Some parts of EDU need syntactic 

information to indicate the point of EDU Segmentation and then the EDU 

reconstruction by rule-base is applied to build the precise EDU structure. The 

evaluation of the EDU segmentation by precision, recall, and F1 measurement. 
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The evaluation will be measured by each state of EDU segmentation that is proposed. 

Figure 4.2 shows the bar chart of the results of EDU segmentation. 

 

 

 

Figure 4.2. Bar chart of the results of EDU segmentation 

 

The results show that the use of a clue marker alone produces the EDU segment with 

low precision to 0.41085 and recall to 0.36441. Many EDUs appear without a clue 

marker to indicate the boundary. However, a clue marker can be a starting tool to 
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indicate the EDU boundary (Chareonsuk et al., 2005). Syntactic information is used in 

various ways to indicate the boundary of EDU (Ketui et al., 2012; Sinthupoun & Sornil, 

2010). Syntactic patterns from a shallow parser can be a good option to identify the 

point of EDU segmentation. The use of syntactic pattern significantly increase the 

precision and recall, however, noun list EDU and the use of space in some writing style 

still indicate the wrong EDU boundary. Finally, the EDU reconstruction process is used 

to combine noun list EDU and some fragment EDUs to produce a more precise EDU 

with 0.88865 precision and 0.91577 recall. 

 

4.3 Ellipsis and Anaphora Resolution 

Our corpus for training contains a total of 18,248 words and 2,327 EDUs. There are 

3,934 entities, 1,272 zero anaphora, 126 nominal anaphora, 64 pronominal anaphora, 

and 88 ellipses of the owner in the corpus. The precision, recall, and F1 score are used 

to evaluate the algorithm. 

 

After finished all processes, The results will be evaluated from the anaphora determiner, 

resolution for non-referential anaphora, and resolution for referential anaphora. Each 

kind of anaphora is evaluated separately and also overall. The results of the anaphora 

resolution are shown in Table 4.1. 
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Table 4.1 

Results of the anaphora resolution 

Anaphora Types Precision Recall F1 

Zero anaphora (non-referential) 0.66475 0.91699 0.77075 

Zero anaphora (referential) 0.78557 0.80176 0.79358 

Zero anaphora (overall) 0.75521 0.82468 0.78841 

Pronominal anaphora (non-referential) 1 1 1 

Pronominal anaphora (referential) 1 1 1 

Pronominal anaphora (overall) 1 1 1 

Nominal anaphora (non-referential) 1 1 1 

Nominal anaphora (referential) 0.96153 0.96153 0.96153 

Nominal anaphora (overall) 0.99206 0.99206 0.999206 

Ellipsis of the owner (non-referential) 0.70000 1 0.82352 

Ellipsis of the owner (referential) 0.87837 0.87837 0.87837 

Ellipsis of the owner (overall) 0.84042 0.89772 0.86812 

Overall 0.77744 0.84967 0.81195 

 

 

Zero anaphora is the kind of anaphora that mostly appears in EDUs. The results show 

a good precision of 0.75521 and a recall of 0.82468. The pronominal anaphora is 

finished with the amazing results that precision is 1 and recall is 1. These results are 

successful without using additional knowledge such as gender, and number. Because 

the use of pronominal anaphora in the corpus is not a complicated scenario. Then the 

only use of the surface word and syntactic information can produce good results in our 
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corpus. The nominal anaphora also recorded high precision of 0.99206 and a recall of 

0.99206. The ontology that provides hyponymy knowledge is useful to resolve the 

nominal anaphora. The surrounding words in nominal anaphora and reference are also 

significant to resolving the ranking for nominal anaphora resolution. The ellipsis of the 

owner recorded high precision of 0.84042 and a recall of 0.89772. The ontology that 

provides the meronymy is a significant background knowledge that can be used to 

identify the entity that is a part of something, especially in the agriculture corpus. The 

overall results show that the precision is 077744, the recall is 0.84967, and the F1 is 

0.81195. 

 

4.4 Word Sense Disambiguation 

The corpus with semantic tagging contains 14,820 semantics. The semantic dictionary 

contains 2,488 semantics. There is a total of 46,001 features for semantic 

disambiguation. The evaluation is measured by the correctness performance in the 

percentage of correct semantics resolved. The correct semantic resolved is a total of 

14,799 semantics and the incorrect semantic is only 21 semantics. The correctness 

performance is 99.85% 

 

The result of the word sense disambiguation is high due to the feature set is useful to 

determine the semantics of the surface word. There are a few incorrect semantics that 

mostly is the word of a preposition. Some preposition words can be many semantic and 

seem confusing to the system even if locate in a different context. The bigger corpus 

and context could provide better training that produces better correctness performance. 
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4.5 Answer Extraction 

Answer extraction is an important part of the question-answering system. The question 

sentence is transformed into the question semantic frame and used to match with the 

knowledge base to query the precise answer. The question is predefined to evaluate the 

question answering system. There are a total of 55 questions are predefined to test the 

system. The anaphora is an important role to interpret the fact in a knowledge base. The 

knowledge that is generated without the anaphora resolution will interpret the 

incomplete fact. To find the influence of the anaphora in text, The system is evaluated 

with the condition that the knowledge base is resolved with the anaphora resolution and 

without the anaphora resolution. The fuzzy matching is also a factor in the answer 

extraction. The system is also evaluated with the condition that the answer is extracted 

with fuzzy matching and without fuzzy matching. Table 4.2 shows the examples of the 

predefined question. 
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Table 4.2 

The examples of the predefined question 

ชวน หลีกภยัเป็นใคร (Who is Chuan Leekpai?) 

ชวน หลีกภยัเกิดเม่ือไหร่ (When was Chuan Leekpai born?) 

ธนาคารไทยไดเ้ปล่ียนช่ือเป็นอะไร (What name was the Thai bank changed to?) 

นกกระจอกเทศมีถ่ินก าเนิดในทวปีใด (Which continent does the ostrich originate from?) 

เสือสืบสายเลือดมาจากอะไร (What is the lineage of tigers?) 

ลูกแมวแรกเกิดหนกัเท่าไหร่ (How much does a newborn kitten weigh?) 

อะไรหนกัประมาณ 150 กิโลกรัม (What weighs about 150 kilograms) 

อะไรท่ีโตเตม็ท่ีจะมีสีเทา (What is full-grown will be gray?) 

 

 

The answer for some questions can be more than one answer depending on the number 

of facts in the knowledge base. The anaphora resolution can affect the number of the 

answer that can extract from the knowledge base. Table 4.3 shows the example of the 

question and the answers that extract from answer extraction with anaphora resolution. 
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Table 4.3 

The example of the question and the answers that extract from answer extraction with 
and without the anaphora resolution 

Question Answer with Anaphora 

Resolution 

 

Answer without 

Anaphora Resolution 

ชวน หลีกภยัเป็นใคร 
(Who is Chuan Leekpai?) 

นกัการเมืองชาวไทย 
(Thai politician) 
 
คนรูปร่างเล็ก 
(small body person) 
 
สมาชิกสภาผูแ้ทนราษฎร 
จงัหวดัตรัง 
(Member of the House 
of Representatives of 
Trang Province) 
 
หวัหนา้พรรคประชาธิปัตย ์
(Democratic Party 
Leader) 
 

นกัการเมืองชาวไทย 
(Thai politician) 
 

 

 

Fuzzy matching also affects the number of results. The attribute value such as color, 

taste, and flavor can be in the form of the blend semantic for example the word ”ฟ้าอมเทา 

(grayish blue)”. If the question is asked about something blue then the answer may come 

with a confidence value. The answer extraction without the fuzzy matching may 

produce fewer answers or none from the knowledge base in any case. Table 4.4 shows 

the example of the question and the answers that extract with and without fuzzy 

matching. 
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Table 4.4 

The example of the question and the answers that extract with and without fuzzy 
matching 

Question Answer with Fuzzy 

Matching 

 

Answer without Fuzzy 

Matching 

อะไรมีสีเทาด า 
(What is gray black?) 

ลกัษณะผวิหนงันกกระจอกเทศ 
(Ostrich skin 
characteristics) 
 
นกกระจอกเทศตวัเมียโตเตม็ที 
(Fully grown female 
ostrich) 
 

ลกัษณะผวิหนงันกกระจอกเทศ 
(Ostrich skin 
characteristics) 

 

 

The answer extraction determines the correctness and the completeness by evaluating 

the precision, the recall, and the F1 measurement. Figure 4.3 shows the bar chart of the 

results of the answer extraction. 
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Figure 4.3. Bar chart of the results of the answer extraction 

 

The results show that the answer extraction without anaphora resolution shows high 

precision but very low recall. The precision is high because the result is extracted 

directly from the sentence that the object is explicitly appear in the sentence. The recall 

is low because some answers that are in the form of anaphora cannot be retrieved from 

the knowledge base.  If the object that is in the form of anaphora is not resolved then 

the facts in the knowledge base are incomplete due to the anaphora is not resolved 

making the object missing and causing the recall to be low. The fuzzy matching can 
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boost the recall a little because the fact that is the value can be retrieved more from the 

knowledge base. 

 

4.6 Explanation with The Other Thai QAS 

The question answering system in the Thai language is still rare research. QAST 

(Jitkrittum et al., 2009) is the question answering system that acquires Thai Wikipedia 

as the data source. This system translates the Thai Wikipedia articles to the RDF 

knowledge base and then uses the SPARQL to query the answer in 150 the RDF 

knowledge base. The anaphora resolution is not involved to process the article before 

generating the RDF knowledge. The performance of this system is 0.47 which is not 

high. Kongthon et al. (2011) presents the semantic-based question answering system 

for Thailand tourism information. This system works on a close domain and collected 

the example request from Pantip.com. The knowledge is created to the tour ontology 

and uses SPARQL to query the answer from this ontology. The question is translated 

into a semantic template to identify the answer type from the ontology. The system 

performance is high. However, this system operates in a close domain in tourism. 

WabiQA (Noraset et al., 2021) is the question answering system that works on data 

intensive using deep learning to identify the piece of answer from Thai Wikipedia. This 

system works on the open domain by ranking the document that is related to the 

question and reading the document to identify the answer. The performance is good, 

however, the anaphora resolution is still not involved to resolve the hidden entity in the 

document. Table 4.5 shows the explanation of the Thai question answering system. 
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Table 4.5 

The explanation of the Thai question answering system 

QAS 

 

Domain Technique Explanation 

QAST Open Knowledge 
Intensive on 
Subgraph Matching 

- Anaphora Resolution is 
not involved 
- No Fuzzy Matching 
- Performance is not high 
 

QAS on 
Tourism 

Close on 
Tourism 

Knowledge 
Intensive on 
Template-Based 

- Anaphora Resolution is 
not involved 
- No Fuzzy Matching 
- Performance is good 
 

WabiQA Open Data Intensive on 
Deep Learning 

- Anaphora Resolution is 
not involved 
- No Fuzzy Matching 
- Performance is good 
 

Our System Open Knowledge 
Intensive on 
Template-Based 

- Anaphora Resolution is 
involved 
- Fuzzy Matching is 
applied 
- Performance is high 
 

 

 

Our system produces a high performance to extract the answer because of the 

application of the anaphora & ellipsis resolution and also the fuzzy matching. The 

entities in the document that could be the answer can be hidden in the form of anaphora. 

We can see that the anaphora resolution is affected the performance of the system. Also, 

fuzzy matching can help to resolve the attribute which is the measured value and word 

value. However, the knowledge base that is produced by using the complex NLP 

technique could be expensive. The incremental knowledge base is a good resource of 

knowledge base for the semantic base question answering system. The data for the 

complex NLP task could be incremented from time to time. 
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4.7 Summary 

The semantic-based question answering system is the system that needs the essential 

processes of the natural language processing from Thai word segmentation, Thai EDU 

segmentation, ellipsis and anaphora resolution, semantic parser, and the final is the 

answer extraction. Thai word segmentation is improved by the more complex process 

to gain more precision and recall. Thai EDU segmentation is the complicated process 

to segment the Thai EDU from the continual textual paragraph. A pipeline of processes 

is developed to identify the EDU segment and reconstruct the EDU to make the high 

precision of Thai EDU segmentation. Ellipsis and anaphora resolution is the essential 

component to make the completed fact in Thai EDU segmentation for high performance 

of the semantic base question answering system. The fuzzy matching also boosts the 

performance of the question-answering system. To validate the question-answer pair, 

30 native Thai volunteers and 3 expert reviewers are the validators and reviewed. 
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CHAPTER FIVE 

CONCLUSION 

This section discusses the conclusion of the research. The conclusion includes the 

research summary, limitations, and research contribution. 

 

5.1 Research Summary 

5.1.1 Thai EDU Segmentation 

A pipeline of the process for Thai EDU segmentation is done by using the syntactic 

information from a shallow parser. The first step, word segmentation, and POS tagging 

process are done by using CRF to identify the word boundary and its POS with 0.92688 

precision and 0.96153 recall. The CRF shows good results in word segmentation, 

however, some composition words tend to segment into fragment words. To improve 

the precision of word segmentation and the POS tagging process, we implemented the 

word segmentation correction by using a POS pattern with a dictionary to merge some 

fragment words and improve the precision to 0.98946 and recall to 0.98854. POS re-

tagging process is used to redetermine the POS label further improving the precision 

and recall of POS tagging to 0.99544 and 0.99451 respectively. 

 

In the second step, the shallow parser is used to determine the POS sequence to phrase 

types such as head noun, amount, adjective, and determiner pattern. The EDU 

segmentation process is done by using a clue marker, syntactic pattern, and 

reconstruction rule-based. The clue marker indicates the EDU segment with 0.41085 

precision and 0.36441 recall. The syntactic pattern is used to identify the EDU segment 
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with the improvement of precision and recall to 0.68788 and 0.81263 respectively. The 

fragment of noun list EDUs and some partial EDUs are reconstructed by rule-based and 

finally improve the precision and recall to 0.88865 and 0.91577 respectively. 

 

From the corpus development, we found that some writing styles use the space to make 

it more readable in some words or some parts of the sentence. The non-formal use of 

space can cause some difficulties to identify the boundary of EDU and also increase 

ambiguity. A preposition and noun list are the most apparent non-formal use of space 

in our corpus. Moreover, POS label designing is also an important component to make 

a more reliable grammar structure in the corpus. POS labels with embedded semantics 

can be a useful resource to analyze the structure of EDU and sentences. 

 

5.1.2 Ellipsis and Anaphora Resolution 

The methodology to resolve the anaphora in Thai EDU segmentation is done by using 

the background knowledge to resolve the hyponymy and meronymy relation between 

the anaphora and the references. The algorithm contains three parts: anaphora 

determiner, resolution for non-referential anaphora, and resolution for referential 

anaphora. The first step is the algorithm to determine the kind of anaphora in each EDU. 

The algorithm searches each entity in EDU and analyzes the word and the surround 

together with the ontology to decide the kind of the anaphora. The second step is the 

resolution for non-referential anaphora. The resolution utilized the ranking model to 

identify whether anaphora is a non-referential or a referential anaphora. This resolution 

works on the only use of the surface word and the surround for learning the model. The 

final step is the resolution for referential anaphora. The candidate references are 
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generated from the entities in each EDU up to 10 prior EDUs. The ranking model 

computes the probabilistic value in each candidate and then chooses the candidate with 

the highest probabilistic value for the referential anaphora. The overall results are that 

the precision is 0.77744, the recall is 0.84967, and the F1 score is 0.81195. In addition, 

this paper mentions the anaphora types that could be concerned in Thai anaphora 

resolution especially the ellipsis of the owner. The non-referential anaphora is also 

significant and could not be overlooked. However, this work is based on the collected 

corpus that could not be comprehensive. Changing domain can be affected the results 

and could be needed additional features and also further background knowledge. To 

make reliable the anaphora resolution, the making of the comprehensive corpus on 

various domains and also the modification features could be the topic to be done. 

 

5.1.3 Semantic Parser 

The semantic parser is done by using the syntactic information from the shallow parser 

to identify the syntactic pattern and then construct the semantic frame. To build the 

high-precision semantic parser, the process of word sense disambiguation is developed 

to identify the correct semantic of the surface word. The semantic is identified by 

learning from the context that surrounds the surface word to decide the correct semantic 

for the surface word. The performance of the word sense disambiguation is high at 

99.85%. The incorrect semantic is mostly the word of a preposition. Some prepositions 

in Thai text can be many semantic and cause confusion in the system. 
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5.1.4 Answer Extraction 

The answer extraction is the main role component of the semantic base question 

answering system for the user. Frame matching is the technique that is used to identify 

the fact from the knowledge base and then give the answer to the user. The ellipsis and 

anaphora resolution are an important process to complete the EDU and make the 

complete fact to the knowledge base. The high recall of semantic base question 

answering system cannot develop by no ellipsis and anaphora resolution process. The 

fuzzy matching is also an additional process to help the question answering system to 

retrieve more answers with the confidence value to the user. 

 

5.2 Limitations 

The source of this work is a freestyle text in an open domain document. However, the 

accomplishment of this work is based on some limitations as follows. 

No misspelling word: Misspelling words can occur in the text normally. The 

whole system expects accurate spelling text as a data source. The misspelling 

word correction is not in our interesting scope of work. Spelling word correction 

is done manually before feeding to the whole system. 

 

Ignore the additional information from parenthesis: There is the use of 

parenthesis in the text to provide additional data such as abbreviations, 

synonyms, and foreign words. Text in parenthesis can be in free form depending 

on the aspect of the writer. In this work, text in parenthesis is ignored and pruned 

by the corpus cleaning process. 
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Do not follow the structure information from a table: Structure information, 

such as a table, is widely used in the text. A table is not a part of EDU in the 

text and is not in our interesting scope of work. Tables in the source corpus are 

pruned by the corpus cleaning process. 

 

5.3 Research Contribution 

This research is aim to develop a semantic base question answer system that acquires 

knowledge from Thai text. There is the research contribution as follows. 

Thai Word Segmentation: The Thai word segmentation is improved by the 

pipeline of the additional process to gain more precision and recall. The high 

performance of Thai word segmentation will be a great impact on the research 

in the Thai natural language processing field. 

 

Thai EDU Segmentation: The Thai EDU segmentation is a complicated 

process. Clue word is a useful resource to identify the simple point of the EDU 

segment in Thai text. Additional complicated processes are proposed to analyze 

the segmentation of Thai EDU. The rule-based technique is utilized to finish the 

high performance of the Thai EDU segmentation process. 

 

Ellipsis and Anaphora Resolution: Semantic-base question answering system 

needs the resolution to solve the reference in the ellipsis and anaphora. The 

feature for the learning model of ellipsis and anaphora resolution is proposed. 
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Research in Thai anaphora resolution is still rare and the proposed model can 

impact the anaphora research field in Thai text. 

 

Semantic Parser: Semantic parser for Thai text is proposed with the semantic 

frame construction rule. The semantic frame construction rule is a great tool to 

develop text understanding in the future work of the Thai natural language 

processing research field. 

 

Fuzzy Matching: To retrieve more answers from the knowledge base, the fuzzy 

matching technique for the measurement value and semantic is proposed to 

match the semantic frame with the confidence value. The membership function 

is proposed to achieve the purpose of fuzzy matching to gain more recall for the 

semantic-based question answering system. 

 

5.4 Future Work 

This study accomplishes the answering of the “What” and “How many” Questions. The 

development of a corpus needs to be more comprehensive to cover the most words and 

semantics used in daily life and questions.  To answer the “How” and “Why” questions, 

the study of the relation between sentence and paragraph is needed to resolve. The 

relation of sentence is important in other domain applications such as text 

summarization and best practice resolution. The annotation for resolving the sentence 

and paragraph relation has to be designed in the further corpus. Also, the knowledge 

frame should be extended to support the new semantics of the relation between frames. 
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Appendix A 

Thai Part of Speech 

 

A.1 Noun and Classifier 

NCM : Common Noun 

For example : นก ลิง สตัว ์ส ำนวน เศรษฐกิจ 

NPN : Proper Noun 

For example : เคนยำ โลก องักฤษ ไทย อยธุยำ 

NPP : Noun for Part and Position 

For example : ปลำย โคน ใต ้บน ตน้ ทั้ง 

NTT : Title Noun 

For example : นำย นำง นำงสำว 

NCA : Noun and Classifier for Attributed, Kind and Group 

For example : ขนำด สี อำย ุรำคำ พวก เหล่ำ กลุ่ม ประเภท ชนิด จ ำพวก 

NCT : Noun and Classifier for Time and Moment 

For example : ชวง สมยั ยคุ วนั ที คร้ัง นำที 

CLS : Classifier for Measurement, Object and Concrete Thing 

For example : ขำ้ง ตวั อนั กิโลกรัม บำท 

NUM : Number 



191 
 

For example : 1 20 299 

NNA : Noun for Amount 

For example : สิบ ร้อย พนั หม่ืน แสน ลำ้น 

 

A.2 Pronoun 

PRO : Pronoun 

For example : คุณ มนั อนั ฉนั เธอ 

PRL : Relative Pronoun 

For example : ท่ี ซ่ึง อนั ผู ้

 

A.3 Verb 

VRB : Transitive Verb 

For example : กิน หิว มอง รัก 

VRI : Intransitive Verb 

For example : ยิม้ ว่ิง บิน 

VAT : Attribute Verb 

For example : อว้น ใหญ่ หนกั ยำว สูง 

VAX : Auxiliary Verb 

For example : จะ จึง จึงจะ ก็ กจ็ะ ยงั ยงัจะ คง คงจะ ยงัคง จะยงัคง มกั มกัจะ เพ่ิง 
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เพิงจะ ได ้ก็ได ้จะได ้อำจ อำจจะ ควร ควรจะ เร่ิม เร่ิมจะ เคย ตอ้ง จะตอ้ง ค่อนขำ้ง 

ค่อนขำ้งจะ ก ำลงั ก ำลงัจะ ท่ีจะ น่ำ น่ำจะ สุด สุดจะ แสน แสนจะ กลบั กลบัจะ สำมำรถ 

จ ำเป็น 

VAV : Auxiliary Verb for Passive Voice 

For example : ถูก เป็นท่ี โดน 

VPR : Preverb 

For example : ชอบ กลำ้ ช่วย หำ้ม โปรด พร้อม ใช ้นิยม ออก สงัเกต ุให้ ตอ้งกำร แสร้ง 

พยำยำม มำ เร่ิมตน้ ไป 

VPT : Postverb for Direct Verb 

For example : ไป ไว ้มำ ได ้ข้ึน ลง เขำ้ ออก 

VPO : Postverb for Indirect Object 

For example : ไป ไว ้มำ ได ้เป็น พร้อม ให้ เหมือน แทน คลำ้ย จำก ถึง แทบ โดน วำ่ 

VPA : Postverb for Connected with Attribute Verb or Adverb 

For example : ไป ไว ้มำ ได ้ให้ เป็น แทบ 

VSA : Stated Attribute Verb 

For example : ถูก ผิด 
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A.4 Adverb 

ADV : Adverb 

For example : พอสมควร เร็ว มำก ดี นำน อีกประกำรหน่ึง แลว้ เกินไป เพียงน้ี เท่ำน้ี 

ขนำดน้ี ถึงเพียงน้ี เอง อีก ก็ตำม กวำ่ ท่ีสุด ไป มำก 

 

A.5 Determiner 

DSO : Determiner for Specific Object 

For example : น้ี นั้น ทั้งหมด เชนน้ี อยำ่งน้ี อยำ่งหน่ึง ส่วนใหญ่ ดงักล่ำว อ่ืน เอง 

DHN : Determiner at Head Noun 

For example : บรรดำ อดีต รอง นำน อีก สำรพดั 

DQE : Determiner for Quantity Expression 

For example : ประมำณ บำง ทุก หลำย แต่ละ ตลอด หลำยๆ อีก 

DRF : Reference Determiner 

For example : เช่น ตวัอยำ่งเช่น ไดแ้ก่ 

DRE : Reference Determiner Ending 

For example : เป็นตน้ 
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A.6 Preposition 

PRP : Preposition 

For example : ของ ท่ี ใน โดย ต่อ ระหวำ่ง ต่อจำก สู่ เชง ทัว่ กวำ่ เท่ำกบั เพียง ทั้ง แต่ ิิ 

 

A.7 Conjunction 

CON : Conjuction 

For example : และ หรือ แลว้ พร้อม อม ปน ผสม แซม 

SUB : Subordinate 

For example : ซ่ึง ส ำหรับ แต่ แต่ถึงอยำ่งไร ถำ้ ให้ นอกจำกนั้น จำกนั้น นอกจำกน้ี 

นอกจำกน้ีแลว้ โดย โดยท่ี โดยเฉพำะ โดยเฉพำะอยำ่งยงิ หำก จน จนกวำ่ เม่ือ เม่ือเวลำ 

เพ่ือ ก็เพ่ือ เน่ืองจำก ทั้งน้ี อยำ่งไรก็ตำม ดงันั้น ท ำให้ จะท ำให ้ท่ีท  ำให้ ต่อมำ หลงัจำก 

หลงัจำกท่ี ขณะ ขณะท่ี ขณะเดียวกนั ในขณะท่ี ก็ยอ่มท่ีจะ ยอ่มท่ีจะ ส่วน แลว้ แลว้ก็ยงั 

อีกทั้งยงั ยกเวน้ ทั้งน้ี เพรำะฉะนั้น เหมือน แม ้แมว้ำ่ ถึงแมว้ำ่ กระทัง่ ตำม รวมทั้ง 

ก็ต่อเม่ือ เวน้เสียแต่วำ่ 

 

A.8 Negation 

NEG : Negation 

For example : ไม่ มิ ผิด ห้ำม 
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A.9 Prefix and Suffix 

FVN : Prefix to transform Noun and Verb to be Noun 

For example : กำร 

FDN : Prefix to transform Attribute Verb, Verb and Adverb to be 

Noun 

For example : ควำม 

FNH : Prefix to transfrom Noun to be Humanize Noun 

For example : ชำว นกั นกักำร 

FVH : Prefix to transform Verb to be Humanize Noun 

For example : นกั 

FAV : Prefix for Adverb Modifier to Attribute Verb, Verb and Adverb 

For example : อยำ่ง อนั ท่ี โดย ได ้

FXO : Prefix for Ordinal Number 

For example : ท่ี (วนัท่ี ตวัท่ี อนัท่ี) 

COC : Connector Suffix for Classifier 

For example : ละ (ขำ้งละ ตวัละ) 
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A.10 Other 

EAF : Affirmative Sentence Ending 

For example : จะ๊ ครับ เถอะ นะ แหละ 

EIT : Interrogative Sentence Ending 

For example : หรือ เหรอ ไหม มั้ย 

INT : Interjection 

For example : โอย้ โอ ้เออ เอ๋ อ๋อ 

NBM : Number Modifier 

For example : คร่ึง เศษ ถว้น เดียว กวำ่ 

NBO : Ordinal Number Word 

For example : แรก สุดทำ้ย ต่อไป 

UNK : Unknown 

For example : 

CHR : Single Charactor 

For example : ป พ ศ 

QOB : Question for Object 

For example : ใคร อะไร ไหน ใด 

QAT : Question for Amount ot Time 

For example : เท่ำไหร่ เท่ำใด ก่ี เม่ือไหร่ เม่ือใด 
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QAR : Question for Attribute 

For example : ใด ไหน อะไร 

 

A.11 Shallow Parser Tags 

(*) Head Noun Pattern 

(&) Verbal Noun Pattern 

(+) Adjective Pattern 

(#) Transitive Verb Pattern 

(%) Intransitive Verb Pattern 

($) Adverb Pattern and Postverb that separate from Verb Pattern 

(!) Preposition Pattern 

(@) Amount Pattern 

(=) Time Pattern 

(?) Determiner Pattern 

(-) Classifier Pattern 
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Appendix B 

Question Answer Pair Validation Form 
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Question Answer Pair Validation Form 

 

Validator Information 

Name……………………………………………………………………………………

Education………………………………………………………………………………

Position…………………………………………………………………………………

Work Place …………………………………………………………………………… 

…………………………………………………………………………………………

…………………………………………………………………………………………

…………………………………………………………………………………………

………………………………………………………………………………………… 

 

 

 

         Signed 
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Question Answer Pair Validation 

Please  if agree and put × if disagree on agreement column 

No. Question Answer Correction Agreement 

1 ชวน หลีกภัยเป็นใคร นักการเมืองชาวไทย   

บุตรคนท่ี 3 ในจ านวน  9  คน

ของ นิยม กับ ถ้วน หลีกภัย 

  

คนรูปร่างเล็ก   

สมาชิกสภาผู้แทนราษฎร

จังหวัดตรัง 

  

หัวหน้าพรรคประชาธิปัตย ์   

พลเรือนคนสอง ×  

คอมมิวนิสต ์ ×  

2 ใครเป็นนักการเมืองชาวไทย ชวน หลีกภัย   

3 ชวน หลีกภัยเกิดเมื่อไหร ่ วันท่ี 28 กรกฎาคม พ.ศ. 

2481 

  

4 ชวนเกิดที่ไหน ต าบลท้ายพร ุ   

5 ใครเกิดเมื่อวันที่ 28 กรกฎาคม 

พ.ศ. 2481 

ชวน หลีกภัย   

6 ชวน หลีกภัยด ารงต าแหน่งใด ต าแหน่งประธานรัฐสภา   

ต าแหน่งนายกรัฐมนตร ี   

ต าแหน่งรัฐมนตรีว่าการหลาย

กระทรวง 

  
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ต าแหน่งรองนายกรัฐมนตร ี   

ต าแหน่ง ×  

ต าแหน่งหัวหน้าพรรค  3  

สมัย 

  

ต าแหน่งประธานสภาที่ปรึกษา

พรรคประชาธิปัตย ์

  

ต าแหน่งประธานสภา

ผู้แทนราษฎร 

  

7 ชวน หลีกภัยสังกัดพรรคใด พรรคประชาธิปัตย ์   

8 ธนาคารไทยไดเ้ปลี่ยนช่ือเป็นอะไร ธนาคารมณฑล   

9 บริษัท ข้าวไทย จ ากัดมสีถานะ

เป็นอะไร 

รัฐวิสาหกิจ   

10 กลุ่มซอยราชครูแต่งตั้งใครขึ้นเป็น

ประธานคณะกรรมการ 

พล.ต.ต. ละมา้ย อุทยานานนท์

หนึ่งภายในกลุ่มซอยราชคร ู

  

11 ธนาคารเกษตรได้รับการก่อตั้งโดย

ใคร 

กลุ่มข้าราชการ   

12 ธนาคารเกษตรมีทุนจดทะเบียนใน

ช้ันแรกเท่าไหร ่

- ×  

13 ธนาคารเกษตรได้กลายเป็น

ฐานเศรษฐกิจของใคร 

กลุ่มซอยราชคร ู   

14 ธนาคารเกษตร จ ากัดก่อตั้งโดย

ใคร 

สุริยน ไรวา   

15 ธนาคารกรุงไทยใช้ตราสญัลักษณ์

เป็นอะไร 

ภาพนกวายุภักษ์   
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16 กระทรวงการคลังเป็นอะไร ผู ้ ×  

หน่วยงานรัฐ   

17 ธนาคารเปลี่ยนสีพื้นหลังของนก

วายุภักษ์จากสีขาวเป็นสีอะไร 

ฟ้าแทน   

18 อะไรจดัอยู่ในประเภทสัตว์มี

กระดูกสันหลัง 

นกกระจอกเทศ   

19 นกกระจอกเทศจดัอยู่ในประเภท

ใด 

ประเภทสัตวม์ีกระดูกสันหลัง   

20 อะไรมีถิ่นก าเนิดในทวีปแอฟริกา นกกระจอกเทศ   

21 นกกระจอกเทศมีถิ่นก าเนิดใน

ทวีปใด 

ทวีปแอฟริกา   

22 เท้าของม้ามีกี่นิ้ว - ×  

23 เท้าของม้าเรียกว่าอะไร กีบเท้าม้า   

24 นกกระจอกเทศมีอายุยืนได้ถึงกี่ปี ยืน  65  - 75  ปี   

25 อะไรมีอายุยืนได้ถึง 70 ปี นกกระจอกเทศ   

26 อะไรมีอายุยืนได้ถึง 60 ปี นกกระจอกเทศ   

27 ไข่ของอะไรเป็นไข่นกท่ีใหญ่ที่สดุ

ในโลก 

นกกระจอกเทศ   

28 นกกระจอกเทศกินอะไร พืช   

  สิ่งของแปลกปลอม ×  

29 นกกระจอกเทศถูกน าเข้ามา

เมื่อไหร ่

ครั้งแรก ×  

30 อะไรเป็นสัตว์กินพืช นกกระจอกเทศ   
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อาหารหลัก ×  

เหยื่อของเสือภายในสกุลแพน

เทอรา 

×  

31 นกกระจอกเทศเป็นอะไร นก   

สัตว์กินพืช   

นกกระจอกเทศ ×  

นกกระจอกเทศป่า ×  

สัตว ์   

32 อะไรอาศยัอยู่ในมอรอคโค นกกระจอกเทศพันธุ์คอด า   

33 อะไรมสีีเทา ลักษณะผิวหนัง

นกกระจอกเทศ 

  

นกกระจอกเทศตัวเมียโตเต็มที ่   

ขนของตัวเมีย   

34 อะไรมสีีด า - ×  

35 อะไรมสีีเทาด า ลักษณะผิวหนัง

นกกระจอกเทศ 

  

นกกระจอกเทศตัวเมียโตเต็มที ่   

ขนของตัวเมีย   

36 อะไรมาจากแอฟริกาตะวันออก นกกระจอกเทศพันธุ์คอแดง   

37 นกกระจอกเทศพันธุ์อะไรเป็น

นกกระจอกเทศป่า 

พันธุ์คอแดง   

พันธุ์คอน้ าเงิน   

38 นกกระจอกเทศพันธุ์คอน้ าเงินมี

ถิ่นก าเนิดอยู่ทางใด 

- ×  
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39 อะไรที่โตเตม็ที่จะมสีีฟ้า นกกระจอกเทศตัวเมียโตเต็มที ่   

40 อะไรที่โตเตม็ที่จะมสีีเทา นกกระจอกเทศตัวเมียโตเต็มที ่   

41 อะไรที่โตเตม็ที่จะมสีีฟ้าอมเทา นกกระจอกเทศตัวเมียโตเต็มที ่   

42 แมวเป็นอะไร สัตว์เลี้ยงลูกด้วยนม   

แมว ×  

สัตว์กินเนื้อ   

สัตว ์   

สัตว์ภายใน กลุ่มเสือ และ แมว

ขนาดเล็กท่ีสุด 

  

เสือ   

43 อะไรเป็นสัตวเ์ลี้ยงลูกด้วยนม แมว   

เสือ   

สัตว์ภายในกลุ่มเสือ   

สัตว ์ ×  

44 เสือสืบสายเลือดมาจากอะไร แมวป่า   

45 อะไรสืบสายเลือดมาจากแมวป่า เสือ   

46 อะไรเป็นสัตว์กินเนื้อ แมว   

  เสือ   

47 แมวบ้านสืบเชื้อสายมาจากอะไร แมวป่าอาฟริกา   

48 อะไรสืบเชื้อสายมาจากแมวป่า

อาฟริกา 

แมวบ้าน   

49 ลูกแมวแรกเกดิหนักเท่าไหร ่ แรกเกิดประมาณ  85  - 110  

กรัม 

  
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50 อะไรหนักประมาณ 85 กรัม บุตรแมวแรกเกิดประมาณ  85  

- 110  กรัม 

  

51 อะไรหนักประมาณ 80 กรัม บุตรแมวแรกเกิดประมาณ  85  

- 110  กรัม 

  

52 ลูกแมวหย่านมเมื่ออายเุท่าไหร ่ 8  - 10  สัปดาห์   

53 เสือหนักเท่าไหร ่ หนักประมาณ  180  - 245  

กิโลกรมั 

  

54 อะไรหนักประมาณ 190 กิโลกรมั เสือหนักประมาณ  180  - 

245  กิโลกรัม 

  

55 อะไรหนักประมาณ 150 กิโลกรมั เสือหนักประมาณ  180  - 

245  กิโลกรัม 

  
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Appendix C 

List of Expert Validator 

 

1. Name : Parinyapon Muangrak 

Position : Senior Professional Level Teachers 

Education : Master Degree in Education Administration 

Workplace : Wichainchom School, Songkhla, Thailand 

 

2. Name : Pawich Wattanpraphan 

Position : Senior Professional Level Teachers 

Education : Bachelor Degree in Educational Technology 

Workplace : Bannongwa School (Chamainukul), Nakhon Si Thammarat, 

Thailand 

 

3. Name : Kamonthip Sasutham 

Position : Senior Professional Level Teachers 

Education : Bachelor Degree in Educational Technology 

Workplace : Bangkhuntiensuksa School, Bangkok, Thailand 
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