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Abstract

A character sequence tends to comprise segmentation alternatives, leading to segmentation
ambiguity. Properly handling this ambiguity using multi-granularity linguistic units, such as
character clusters, subwords, and words, can improve word segmentation performance and
lessen ambiguous boundary decisions. We conduct a study to investigate the potential of using
various linguistic units and leveraging segmentation alternatives for character-based word seg-
mentation. Our experimental results demonstrated improvements in segmentation performance,
outperforming previous work on the BCCWJ, CTB6, and BEST2010 datasets in Japanese, Chi-
nese, and Thai, respectively.
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Chapter 1

Introduction

1.1 Background and Goals

Word segmentation is a fundamental task in understanding natural languages, especially for most
Asian languages such as Japanese, Chinese, and Thai. The task is to determine word boundaries
from a running text; in other words, it segments a character sequence into a sequence of word
units. Incorrect segmentation can lead to error propagation in subsequent tasks, such as Named
Entity Recognition (NER), part-of-speech (POS) tagging, and parsing [Qian and Liu, 2012,
Zhang and Yang, 2018], emphasizing the importance of accurate word information.

However, while it may seem logical to use a word unit as a fundamental component in word
segmentation models, this word-based approach has some substantial drawbacks. Specifically,
these word-based models often struggle with issues such as ambiguity, data sparsity, and the
presence of out-of-vocabulary (OOV) words [Li et al., 2019]. In contrast to the word-based
models, character-based models utilize a character unit as a foundational feature, potentially
alleviating the challenges. These models emphasize word-internal structures, providing a
stronger word-induction ability, especially for the induction of new words [Sun, 2010]. Given its
effectiveness, the character-based model serves as an effective approach for word segmentation,
treating it as a sequence-labelling task. This method assigns word-boundary labels to characters
in a sequence using the fine-grained BMES tagging scheme (beginning, middle, end, singleton),
as demonstrated in Figure 1.1,! while also considering adjacent labels within the sequence. The
success of this approach has been evident in recent studies for Asian languages, including
Japanese, Chinese, and Thai [Higashiyama et al., 2019, Ke et al., 2021, Seeha et al., 2020].

Characters serve as fundamental units that, in various combinations, can form new words with
different roles, meanings, or grammatical properties. Consequently, a character sequence inher-
ently contains segmentation alternatives [Dyer et al., 2008], which gives rise to segmentation
ambiguity. This ambiguity comes from the fact that a character sequence can be segmented into
words in multiple valid ways, depending on context or intended meaning. This type of ambigu-
ity poses a significant challenge in word segmentation, as it can lead to incorrect segmentation

'Here, we used MeCab (https://taku910.github.io/mecab), Jieaba (https://github.com/fxsjy/jieba), and Deepcut
(https://github.com/rkcosmos/deepcut) to produce segmentation results for Japanese, Chinese, and Thai, respec-
tively.
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“There are three meanings.”

Figure 1.1: Examples of the sequence-labeling task for word segmentation using the BMES
tagging scheme in Japanese (top), Chinese (middle), and Thai (bottom) languages.

results if not handled properly, thereby reducing the performance of the model. In particular,
character-based models attempt to resolve this ambiguity implicitly through segmentation al-
ternatives by learning underlying patterns and relationships between character units. Although
these models could lessen ambiguity issues compared to word-based models, they rely solely on
character units, which may lack the inherent meaning often found in larger units such as words.
This limitation may lead character-based models to produce sub-optimal segmentation results,
restricting the potential for performance improvement in the task (see Appendix A). Given this
consideration, the inclusion of additional linguistic units, such as word units, alongside char-
acter units, may enhance the effectiveness of character-based models in handling segmentation
alternatives, ultimately contributing to improved segmentation performance.

Previous studies have successfully utilized linguistic units either subwords [Sennrich et al.,
2016] or words, in addition to character units, to alleviate the ambiguity problem in character-
based word segmentation [Higashiyama et al., 2019, Yang et al., 2019, Chay-intr et al., 2021].
Notably, Yang et al. [2019], Higashiyama et al. [2019] focus on constructing a set of either
potential subwords or words from a character sequence, with the aim of implicitly deriving
multiple different segmentation alternatives. Subsequently, they leverage these different seg-
mentation alternatives by using methods, such as the attention mechanism [Bahdanau et al.,
2015] or long short-term memory (LSTM) [Hochreiter and Schmidhuber, 1997], to extract con-
text features from the character sequence with its corresponding subwords or words. Finally,
the context features are used to complement character representations through operations, such
as concatenation or averaging.

Despite the progress made by these studies, there are still limitations to be addressed, particu-
larly in fully utilizing various linguistic units, to enhance word segmentation performance. First,
their approaches explore only one fundamental unit in addition to a character unit. Second, they



do not jointly utilize multi-granularity linguistic units such as subwords and words together.
Thus, further handling segmentation alternatives using a broader range of multi-granularity
structures jointly may not be fully exploited and becomes a research aspect.

A set of possible segmentation alternatives can be represented in a graph structure, specifically
a multi-path lattice as shown in Figure 1.2. This allows for the explicit capture of dependen-
cies between different linguistic units in segmentation alternatives based on multi-granularity
linguistic units. Previously, Huang et al. [2021] attempts to capture these alternatives by con-
structing a lattice based on character and word units, along with word-boundary nodes to extract
boundary information. They initialize the representation of these nodes by pre-trained models
(PTMs), such as bidirectional encoder representations from transformers (BERT) [Devlin et al.,
2019]. Subsequently, they employ graph neural networks (GNNs) [Kipf and Welling, 2016] to
encode the lattice, thus preserving structural information and capturing dependencies between
linguistic units [Yao et al., 2018]. This allows them to extract context features of these nodes in
the lattice and integrate them into character representations through a concatenation operation.
Despite its potential, this approach’s segmentation performance is mostly on par with methods
using multi-criteria (MC) segmentation across multiple datasets [Huang et al., 2020b, Ke et al.,
2021], which are based on PTMs, specifically BERT.

This may be due to two factors. First the method mainly focuses on constructing lattices to
represent potential segmentation results. However, it only uses word boundary nodes to enhance
character representations by a concatenation operation, rather than attentively using nodes from
character and word units. Second, the method does not utilize multiple datasets as done by
Huang et al. [2020b], Ke et al. [2021]. Instead, it relies on a single dataset for training, which
might limit its effectiveness. Thus, to further improve the segmentation performance, it remains
a challenge to effectively leverage segmentation alternatives based multi-granularity linguistic
units through the use of lattices for complementing character representations. Addressing this
challenge could enhance character representations and potentially yield better results.

In this thesis, we explore two main aspects that serve as our goals, which are derived from
a thorough review of the literature. The first aspect aims to jointly utilize a broader range of
multi-granularity linguistic units together in a character sequence using multiple attentions. This
strategy is inspired by previous work that successfully employed multiple attentions in multi-
task scenarios to estimate relationships between multiple types of knowledge [Zhang et al.,
2018, Tian et al., 2020a]. To the best of our knowledge, such a strategy has not been exploited
in word segmentation. Thus, we introduce multiple attentions to word segmentation, which
jointly consider representations at different granularity levels, thereby enabling more effective
handling of possible segmentation alternatives and improving segmentation performance.

Moreover, most studies on Asian Languages, such as Japanese and Chinese languages, rely
only on subwords or words. In contrast, the Thai language offers a unique opportunity for
a broader exploration due to the presence of character clusters (CCs) [Theeramunkong et al.,
2000], which are indivisible units derived from predefined rules in the Thai writing system
and have proven effective in Thai word segmentation [Lapjaturapit et al., 2018, Nararatwong
et al., 2018]. Even though some languages, such as Japanese, comprise groups of characters
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Figure 1.2: Illustration of lattice structures: a single-path lattice and a multi-path lattice. In
these diagrams, x represents a character, while s and e denote the initial and ending states,
respectively. The single-path lattice depicts a character sequence x¢.3. In contrast, the multi-
path lattice not only represents the character sequence but also incorporates a set of potential
character sequences (words), specifically xjx; and xpx3.

that form indivisible units similar to Thai CCs, to the best of our knowledge, these are not
explicitly defined in previous studies. Instead, they typically rely on subword units, derived
through statistical methods such as Byte Pair Encoding (BPE) [Sennrich et al., 2016], to extract
frequently occurring consecutive characters in a corpus. Given this distinct characteristic, we
introduce a method, particularly for the Thai language, that leverages the joint use of CCs,
subwords, and words with multiple attentions.

The method iteratively employs an attention mechanism at each granularity linguistic unit,
with character representations to gradually estimate relationships between characters. This
process results in enriched features that complement the character representations. Specifically,
we first extract a set of possible words from a character sequence. Then, we apply an attention
mechanism to estimate a context feature that considers both the representation of each character
and the representations of its possible words. Following this, we extract a set of potential CCs
or subwords from the same character sequence. We then apply the attention mechanism again to
estimate a more detailed context feature that considers the representation of each contextualized
character feature and its potential CCs. Finally, we use these enhanced context features to com-
plement the character representations through a concatenation operation. Experimental results
regarding this method demonstrates that applying word attention followed by smaller units,
either CC or subword attention, effectively improves segmentation performance on BEST2010,
TNHC, and VISTEC datasets, outperforming previous Thai word segmentation methods.

The second aspect aims to incorporate multi-granularity linguistic units through the use of
lattices in character-based word segmentation. We propose a method, called Lattice AT Tentive
Encoding (LATTE), that effectively leverages possible segmentation alternatives based on multi-
granularity linguistic units, including character and word units, using a lattice structure. This



method constructs a lattice to represent possible segmentation alternatives, derived from a
character sequence, using multi-granularity linguistic units, including character and word units.
Subsequently, the representations of these units in the lattice are initialized with the PTM BERT
and encoded using GNNs. The method then employs an attention mechanism to attentively
estimate a context feature between the representation of each character with corresponding
character-node and word-node features in the lattice. Finally, we integrate the context features
into the representation of characters through a concatenation operation. Our experimental results
regarding this method show improved segmentation performance on the BCCWJ, CTB6, and
BEST2010 datasets for Japanese, Chinese, and Thai languages.

1.2 Contributions of the Thesis

Following the exploration of incorporating multi-granularity linguistic units into character-
based word segmentation, as described earlier, our contributions are divided into two parts:
(1) incorporating multi-granularity linguistic units using multiple attentions in character-based
word segmentation, particularly for the Thai language,? and (2) incorporating multi-granularity
linguistic units through the use of lattices in character-based word segmentation (LATTE).?

Regarding incorporating multi-granularity linguistic units with multiple attentions, we state
our contributions as follows:

* We introduce a method for character-based Thai word segmentation that utilizes multi-
granularity linguistic units with multiple attention mechanisms. This approach allows for
a deeper understanding of the relationships between characters in a character sequence,
generating enhanced features to complement character representations.

* Our model achieves improvements over baseline models and outperforms previous work
in Thai word segmentation on three well-known benchmark datasets: BEST2010, TNHC,
and VISTEC.

* Our analysis provides insightful analysis on the effectiveness of applying an attention
mechanism with CCs over subword units, along with a word attention, in our model. This
highlights the significance of using CCs, which adhere to the rules of the Thai writing
system, for improved segmentation performance.

In reference to incorporating multi-granularity linguistic units through the use of lattices, our
contributions are as follows:

* We propose a method, namely LATTE, that effectively leverages possible segmentation
alternatives based on multi-granularity linguistic units through the use of lattices with

https://github.com/tchayintr/thwcc—attn
3nttps://github.com/tchayintr/latte-ws



multi-criteria PTM, GNNs, and an attention mechanism. This approach generates en-
hanced context features from the lattice for complimenting character representations in
character-based word segmentation.

* Our model demonstrates improvements over baseline models and outperforms previous
work in word segmentation across three languages on well-known benchmark datasets:
BCCWI for Japanese, CTB6 for Chinese, and BEST2010 for Thai.

* Our analysis provides a detailed comparison between our model and baseline models
in various aspects, including segmentation performance with additional datasets, an
ablation study, and a comparison of real segmentation results. This analysis emphasizes
the superior performance of our approach.

1.3 Outline of the Thesis

In the following chapters, we will first present related work in Chapter 2. These include a revisit
of Thai word segmentation and relevant studies, particularly for Thai word segmentation, for the
first aspect. For the second aspect, we introduce relevant work, including character-based and
word-based approaches; segmentation alternatives; multi-granularity linguistic units; lattices;
attention mechanism; GNNs; and MC word segmentation.

Chapter 3 delves into the first aspect, detailing our methodology for incorporating multi-
granularity linguistic units with multiple attentions, including model architecture, experimental
settings, results, and conclusion. The second aspect, which focuses on incorporating multi-
granularity linguistic units through the use of lattices (i.e., LATTE), is discussed in Chapter 4
along with experimental settings, results, and corresponding conclusion. Finally, Chapter 5
provides the overall conclusion of the study and outlines future work.



Chapter 2

Related Work

In this chapter, we review prior studies, focusing particularly on word segmentation. We
structure this chapter into two primary sections. The first section revisits studies related to our
first aspect: incorporating multi-granularity linguistic units with multiple attentions, particularly
for Thai character-based word segmentation. Here, we first provide a historical overview of
Thai word segmentation from its early beginnings to recent developments. Subsequently, we
introduce multi-granularity linguistic units, explore the application of the attention mechanism,
and discuss the use of pre-trained models, all within the scope of Thai word segmentation.

The second part summarizes relevant work aligned with our second aspect: incorporating
multi-granularity linguistic units through the use of lattices. We describe studies on word seg-
mentation that are strongly related to this aspect, covering a variety of methods and approaches.
These include a discussion on character-based and word-based approaches, the use of multi-
granularity linguistic units, and the examination of segmentation alternatives. We also focus
on studies that utilize lattices in sequence labelling, the application of the attention mechanism,
and the employment of graph neural networks (GNNs). Finally, we introduce the definition of
multi-criteria (MC) word segmentation and explore its potential.

2.1 Incorporating Multi-granularity Linguistic Units with
Multiple Attentions

2.1.1 Historical Background of Thai Word Segmentation

Thai running text has unique characteristics as it lacks clear word boundaries and sentence
periods. Spaces are not consistently used to separate words, phrases, and sentences. These
characteristics make word segmentation in Thai potentially more difficult than in other languages
such as Japanese and Chinese, which have delimiters to identify word and sentence boundaries.

During the early stages of Thai word segmentation, word-based methods were developed.
These methods relied on pre-defined word units from dictionaries and were integrated in con-
junction with machine-learning techniques, such as Markov models [Kawtrakul and Thumkanon,
19971, decision trees [Sornlertlamvanich et al., 2000, Theeramunkong and Usanavasin, 2001],
and conditional random fields (CRFs) [Haruechaiyasak et al., 2008]. CRFs, in particular, have



shown effectiveness in Thai word segmentation [Kruengkrai et al., 2006, Haruechaiyasak and
Kongyoung, 2009, Kruengkrai et al., 2009, Nararatwong et al., 2018].

Following this initial period, various neural network models, such as LSTM, Bidirectional
LSTM (BiLSTM) [Hochreiter and Schmidhuber, 1997, Gers et al., 2000], and convolutional
neural networks (CNNs) [Lecun et al., 1998], started playing a crucial role in advancing Thai
word segmentation. These models were particularly employed to develop methods that fun-
damentally rely on character units, introducing a shift from traditional word-based approaches
[Treeratpituk, 2017, Jousimo et al., 2017, Kittinaradorn et al., 2019, Chormai et al., 2019].
Remarkably, these character-based methods not only introduced a new paradigm in Thai word
segmentation but also exhibited promising performance when compared to the prior word-based
methods, marking a significant advancement in Thai word segmentation.

Subsequent studies have shown that the effectiveness of these neural network models can be
further enhanced through the incorporation of additional knowledge such as character clusters
(CCs) [Lapjaturapit et al., 2018, Nararatwong et al., 2018] and character types [Kittinaradorn
et al., 2019]. Moreover, techniques such as transfer learning [Seeha et al., 2020] and stacking
ensemble strategies [Limkonchotiwat et al., 2020, 2021] have also been employed to improve
the model performance.

2.1.2 Multi-granularity Linguistic Units in Thai Word Segmentation

Thai comprises a variety of characters, including consonants, vowels, tones, and special char-
acters. Words in Thai are formed by combining these characters in different ways. These
linguistic units, including characters and words, have been widely used in machine learning and
neural network models for Thai word segmentation. In addition to fundamental these units,
Thai also presents unique linguistic phenomena where certain sequences of characters form the
smallest indivisible units. These sequences adhere to specific rules of the Thai writing system;
for example, a tone cannot be separated from a consonant. To capture these phenomena, Theer-
amunkong et al. [2000] introduced the concept of character clusters (CCs), which are defined
as indivisible units conforming to these Thai writing system rules.

A CC can be described as a linguistic unit that is larger than a single character but typically
smaller than a word. This concept is analogous to a subword [Sennrich et al., 2016], which also
resides between a character and a word in terms of its length. Previous studies have significantly
improved segmentation performance by integrating CCs into Thai word segmentation models
[Theeramunkong and Tanhermhong, 2004, Sutantayawalee et al., 2014, Lapjaturapit et al.,
2018, Nararatwong et al., 2018]. However, to the best of our knowledge, subwords have not
yet been exploited in the context of Thai word segmentation. In particular, while CCs have
been successfully employed for Thai word segmentation, subwords have demonstrated their
effectiveness in Chinese word segmentation [Yang et al., 2019, Li et al., 2019].

CCs help prevent segmentation that could violate the Thai writing system [Limcharoen
et al., 2009]. In contrast, subword units, lacking specificity to Thai language rules, might not
fully leverage language morphology [Provilkov et al., 2020], potentially introducing noise and



reducing segmentation performance. This can be attributed to the fact that CCs are guided
by Thai language principles, limiting their length to comply with specific language rules, thus
generally making them smaller than subwords. This discrepancy is demonstrated in Figure 2.1,
which provides a sample comparison of segmentation results from coarse to fine (top-down)
across various units of linguistic granularity. Moreover, while decomposing subword units from
words often requires specific settings, such as BPE [Sennrich et al., 2016], CCs do not require
any settings, offering a simpler and more straightforward implementation.

S U o ANUHNIY

w . o ANUHUY

Sub . o A1 e

cC . o A 7 U n o
c uw ° & A 1 1 W W ouw 1
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“There are three meanings.”

Figure 2.1: Segmentation results comparing different levels of granularity in linguistic units.
The levels are marked as S, W, Sub, CC, and C, indicating segmentation levels of sentence,
word, subword, character cluster, and character, respectively. The figure illustrates the contrast
in segmentation results when applying these different linguistic units.

Given these characteristics and advantages of CCs and subwords, our study aims to explore
their potential for enhancing the segmentation performance of the Thai word segmentation by
incorporating these linguistic units alongside character and word units.

2.1.3 Attention Mechanism in Thai Word Segmentation

The attention mechanism [Bahdanau et al., 2015, Luong et al., 2015] was initially proposed
for neural machine translation, focusing on proper parts of sentences. It is fundamentally a
method for estimating dependencies between source and target information. Recent studies
have widely applied this method to various downstream tasks in NLP, such as word segmen-
tation [Higashiyama et al., 2019, Tian et al., 2020a], machine translation [Luong et al., 2015,
Vaswani et al., 2017], and constituency parsing [Kitaev and Klein, 2018]. Specifically, in the
context of employing additional information for character-based word segmentation, the source
information can refer to character units, and the target information encompasses additional
linguistic units such as words related to these units [Higashiyama et al., 2019].

However, to the best of our knowledge, only our preliminary work [Chay-intr et al., 2021] has



introduced a method for applying the attention mechanism specifically to Thai character-based
word segmentation. This method particularly estimates the relationships between character
units and their corresponding linguistic units, including CCs, subwords, and words.

2.1.4 Pre-trained Models in Thai Word Segmentation

Recent studies have demonstrated the utility of pre-trained models (PTMs) across a variety
of downstream tasks, particularly in Chinese Word Segmentation (CWS) [Yang, 2019, Qiu
et al., 2020, Ke et al., 2020, Huang et al., 2020b, Ke et al., 2021]. For example, Yang [2019]
incorporated a BERT to CWS and achieved superior segmentation performance compared to
numerous neural models, such as CNNs and BiLSTM-based models.

However, to the best of our knowledge, only Seeha et al. [2020] have applied a transfer-
learning approach for Thai character-based word segmentation using PTMs. Specifically, they
pre-trained a character-based language model with BiLSTM architecture and then transferred its
parameters for fine-tuning the character-based word segmentation task. This approach achieves
state-of-the-art performance on the BEST2010 dataset,! which is the most well-known Thai
dataset for evaluating a model for Thai word segmentation. Despite their model exhibiting
state-of-the-art performance, it merely uses characters and neglects other linguistic units such
as subwords and words [Sennrich et al., 2016, Kudo, 2018].

2.2 Incorporating Multi-granularity Linguistic Units through
the Use of Lattices

2.2.1 Character-based and Word-based Approaches

Word segmentation can be categorized into two major approaches: character-based and word-
based [Nakagawa, 2004, Sun, 2010]. The key distinction between these two approaches lies
in the primary linguistic unit that they utilize to process a character sequence. Word-based
approaches generally employ a predefined dictionary or vocabulary, leveraging these known
word units to train word segmentation models for mapping a character sequence into a word
sequence Zhang and Clark [2007], Cai and Zhao [2016]. These approaches have the advantage
of incorporating context and semantic information at the word level, which can aid in the
understanding of complex phrases and idiomatic expressions

On the other hand, character-based approaches focus on individual characters for building
segmentation models. These models learn the representation of characters and assign a label
for each character in a character sequence by using the BMES tagging scheme [Xue, 2003,
Zheng et al., 2013, Chen et al., 2015]. Character-based approaches are particularly effective at
handling out-of-vocabulary (OOV) words. They can recognize complex character patterns and
the internal structures of words, thereby effectively inducing new words without dependence

'https://thailang.nectec.or.th
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on predefined dictionaries [Sun, 2010]. Moreover, character-based approaches are generally
simpler and more computationally efficient than word-based approaches. They require less
feature engineering and can be trained on smaller datasets to achieve comparable performance.

Despite their merits, both approaches have their challenges. Word-based approaches primar-
ily struggle with handling out-of-vocabulary (OOV) words, limiting their performance when
encountering words not present in the training data or the predefined dictionary. In contrast,
character-based approaches encounter the challenge of character ambiguity, where a single char-
acter, in various combinations, can form different words, each carrying a distinct role, meaning,
or grammatical property. This can lead to multiple plausible segmentations of the same charac-
ter sequence [Dyer et al., 2008]. Nevertheless, due to their effectiveness in handling OOV words
and their overall simplicity and computational efficiency, character-based approaches have been
gaining increasing attention over word-based approaches in word segmentation.

2.2.2 Segmentation Alternatives in Word Segmentation

A character sequence inherently consists of segmentation alternatives, which represent a set of
potential segmentation results [Dyer et al., 2008]. These alternatives give rise to segmentation
ambiguity, as a single character sequence can be interpreted in multiple ways. The lack of
proper handling of these alternatives could negatively affect segmentation performance.

In prior studies, linguistic units such as subwords or words have been utilized, either implicitly
or explicitly, to represent possible segmentation alternatives within a character sequence. For
instance, Higashiyama et al. [2019] implicitly represented possible segmentation alternatives
by utilizing a set of possible word units that correspond to a character sequence. They leveraged
these segmentation alternatives to enrich character representation through the use of an attention
mechanism, significantly improving segmentation performance.

Conversely, Yang et al. [2019], Huang et al. [2021] explicitly represented segmentation
alternatives using a lattice-based graph structure, which is based on subword or word units.
They employed neural networks models such as LSTM to capture contextual features from
these segmentation alternatives for enhancing character representations. In particular, explicitly
leveraging segmentation alternatives demonstrated significant improvement in segmentation
performance over the implicit approach. Given these insights, our study focuses on explicitly
leveraging segmentation alternatives based on multi-granularity linguistic units for this aspect,
with the goal of improving segmentation performance.

2.2.3 Multi-granularity Linguistic Units in Word Segmentation

Character and word units have traditionally served as essential linguistic units for word segmen-
tation. These units have been exploited alongside empirical methods to enhance segmentation
performance [Nakagawa, 2004, Higashiyama et al., 2019, Huang et al., 2021]. Within the
scope of character-based approaches, the integration of character and word units has proven
successful in enriching character representations, thereby significantly improving segmentation
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performance [Higashiyama et al., 2019, Tian et al., 2020c, Huang et al., 2021]. Likewise, the
incorporation of subwords into character-based word segmentation has also been adopted to
capture more fine-grained information from a character sequence [Yang et al., 2019].

In addition, Asian languages, such as Japanese, comprise groups of characters that form
indivisible units, bearing similarity to Thai CCs. However, these units are not explicitly defined
or subjected to specific rules in previous studies. Instead, such studies have relied more on
subword units, extracted through statistical methods such as BPE, to identify and capture the
most frequent consecutive characters in a corpus.

Despite the merits of incorporating subwords, existing studies have demonstrated that inte-
grating word units into character-based approaches yields superior segmentation performance
[Yang et al., 2019, Higashiyama et al., 2019]. Considering these findings, word units have
emerged as the preferred additional linguistic unit in recent character-based word segmentation
studies [Huang et al., 2021, Tang et al., 2022]. Accordingly, our study, particularly for this
aspect, aims to incorporate multi-granularity linguistic units, including character and words
into character-based word segmentation.

2.2.4 Attention Mechanism in Word Segmentation

As highlighted in Section 2.1.3, the attention mechanism proves particularly useful in incorpo-
rating additional information into character-based word segmentation. Specifically, it enables
attentive production of context features between a character and its corresponding information.

In the domain of word segmentation of Asian languages, other than Thai, Higashiyama et al.
[2019] proposed two attention-based composition functions: weighted average (WAVG) and
weighted concatenation (WCON). These allow a model to effectively focus the relationships
between a character and its candidate words. Both functions summarize the relationship
between a character with its candidate words into a summary vector. Their work achieved
state-of-the-art performance in BCCW]J, a well-known Japanese dataset, using the WCON
function, despite it requiring more computational resources than WAVG. Similarly, Tian et al.
[2020c] introduced a framework that incorporates wordhood information built from n-grams
using memory networks. This framework also utilizes the attention mechanism through several
popular encoder-decoder combinations. Alternatively, Tian et al. [2020a] utilized the attention
mechanism to incorporate multiple types of linguistic knowledge by introducing a two-way
attention mechanism for joint CWS and POS tagging. This method separately integrates two
different types of linguistic information, including context features and linguistic knowledge, to
enrich character representations. For the same task, Tian et al. [2020b] presented multi-channel
attentions using various lengths of n-grams.

These approaches, i.e., Higashiyama et al. [2019], Tian et al. [2020a,b,c], that utilize the
attention mechanism with additional linguistic information, have demonstrated promising per-
formance, not only on the BCCW/J, but also across numerous Chinese datasets.
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2.2.5 Lattice in Word Segmentation

A lattice, due to its ability to capture a graph or a set of possible paths, have been successfully
incorporated in sequence labeling tasks such as word segmentation and NER. Various linguistic
units, including characters, subwords, and words, have been employed as features in lattices,
both individually and in combination to represent possible segmentation alternatives. Zhang
and Yang [2018] proposed the Lattice LSTM for Chinese NER. This model outperformed
common character-based and word-based models by incorporating lattices to represent possible
segmentation paths, which included both characters and words, and control the information flow
from the start of the sentence to the end. Li et al. [2020] introduced the flat-lattice transformer
(FLAT), a transformer-based model for Chinese NER that uses a word-character lattice and its
position information in a flat structure. This model demonstrated strong performance and effi-
ciency. Furthermore, a lattice has also been deployed alongside coarse-granularity knowledge
for model pre-training [Lai et al., 2021], yielding promising results on vital downstream tasks
such as text classification, machine reading comprehension, and sequence labeling.

In the context of word segmentation, previous studies have typically employed lattices to
represent segmentation alternatives [Nakagawa, 2004, Nakagawa and Uchimoto, 2007, Yang
etal., 2019, Huang et al., 2021], leading to reliable improvements in segmentation performance
and the capability to disambiguate character ambiguity [Yang et al., 2019]. Considering this
advantage, we thus utilize lattices to effectively leverage segmentation alternatives based on
multi-granularity linguistic units for this aspect.

2.2.6 Graph Neural Networks in Word Segmentation

Recently, there has been growing interest in applying graph neural networks (GNNs) to down-
stream tasks in NLP, leveraging graph structures such as lattices. A variety of GNN architectures,
such as graph convolutional networks (GCNs) [Kipf and Welling, 2016], graph attention net-
works (GATs) [Velickovi¢ et al., 2017], and heterogeneous graph attention network (HAN or
HGNN) [Wang et al., 2019], have been proposed to address specific challenges in NLP tasks.

While several studies have notably applied GNNs in the context of NER [Cetoli et al., 2017,
Gui et al., 2019], their direct application to word segmentation remains less explored. To the best
of our knowledge, only a few studies, including Huang et al. [2021] and Tang et al. [2022] have
utilized GNNs in the context of character-based word segmentation to produce node features
to complement character presentations. In their work, Huang et al. [2021] employed GCNs
to aggregate word-character nodes along with its additional nodes, specifically boundary-label
nodes. This approach performed well and can alleviate the problem of insufficient training from
the small-scale annotated corpus. Tang et al. [2022] achieved promising results by proposing
HGNSeg, a word segmentation framework that employs multi-level features including character,
word, n-grams, and syntax, using a HGNN.

However, these approaches do not fully exploit the potential of GNNS, as they simply concate-
nate node features and character representations without explicitly considering their relation-
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ships. Recognizing this, our study aims to further explore the potential of GNNs in improving
character-based word segmentation by explicitly and attentively leveraging the relationships
between node features and character representations.

2.2.7 Multi-Criteria Word Segmentation

A PTM is generally built on large-scale corpora, such as the SIGHAN2005%, which includes
multiple corpora to acquire prior knowledge. However, a significant challenge arises as these
individual corpora are annotated according to different segmentation criteria, resulting in multi-
criteria (MC) segmentations. He et al. [2017] proposed a simple yet effective model for
pre-training MC word segmentation models, benefiting from multi-criteria segmentation across
multiple corpora. Their approach involves adding an artificial token, referred to as a corpus-
name token, at the start and end of a sentence, which serves to indicate the target corpus for the
pre-training process. Despite its simplicity, this method has shown impressive segmentation
performance in word segmentation. Due to its efficacy, this mechanism has been adapted
by recent state-of-the-art studies in word segmentation, often in combination with empirical
methods to further enhance segmentation performance [Huang et al., 2020a,b, Ke et al., 2021].
Nevertheless, it has not been extensively explored in the context of character-based word
segmentation. Given its effectiveness, we thus integrate this approach, by adapting the strategy
from He et al. [2017] into our study, with the goal of improving segmentation performance.

Zhttp://sighan.cs.uchicago.edu/bakeoff2005
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Chapter 3

Incorporating Multi-granularity
Linguistic Units with Multiple Attentions

3.1 Methodology

Incorporating a set of possible words into the character-based BILSTM-CRF architecture, as
shown in Figure 3.1, using an attention mechanism has the potential to improve segmentation
performance [Higashiyama et al., 2019]. Notably, the attention mechanism demonstrates its
flexibility by allowing the integration of additional linguistic information into a character unit.
Moreover, jointly employing multiple types of linguistic knowledge with multiple attentions has
been proven to be effective in multi-task scenarios [Zhang et al., 2018, Tian et al., 2020a].

Building upon these insights, we explore the potential to incorporate a broader range multi-
granularity linguistic units for this aspect. We utilize CCs with an attention mechanism in
character-based word segmentation, as illustrated in Figure 3.2, by extending the BILSTM-CRF
architecture with word attention as proposed by Higashiyama et al. [2019]. In other words, we
use characters, CCs, and words with multiple attentions for character-based word segmentation.

In our methodology, an attention mechanism is iteratively applied at each granularity level
of linguistic units in conjunction with character representations. This process is designed
to gradually estimate the relationships between characters, resulting in enriched features that
complement the character representations. Specifically, CC-integrated character vectors (z) are
estimated and incorporated atop the word-integrated character vectors (g), both of which have
nearly identical architectures. In the following sections, we discuss the major components of our
model. These include the character-embedding layer, word- and CC-embedding layers, BILSTM
layers for character representation, attention integrations for integrated representations, CRF
layer, and optional BERT layers.

3.1.1 Character-Embedding Layer

Given a sentence s with n characters that can be represented as xy.,, = (x1,x2,...,X,), €ach
character x; € xp, is transformed into a character embedding e; of a d.-dimensional vector
using a lookup table operation [Bengio et al., 2003, Collobert et al., 2011]. The lookup table is
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Figure 3.1: Character-based BiLSTM-CREF architecture used as a baseline, where x represents
individual characters from an input sequence and y represents the predicted label for each
character; e and h indicate an embedding representation and BiLSTM-encoded representation
for each character, respectively.

defined as E€ € R%XIVel where d,. denotes the dimensions of the embeddings and V, denotes a
vocabulary of characters.

3.1.2 Word- and CC-Embedding Layers

Using the word-embedding layer as an example, let V,, be a word vocabulary. Given the character
sequence x.,, V,, is searched for words within a maximum word length K, corresponding to that
of the character subsequence. A candidate word list W, = (wy, ..., w,,) (each of size within
K) with m candidate words is then obtained, as shown in Figure 3.2. Each wordw; € W, CV,,
was transformed into a word embedding e of a d,,-dimensional vector. The word-embedding
matrix is defined as E¥ € RI*IVwl where d,, denotes the dimensions of the embeddings.
This procedure is also applied to obtain a candidate CC list CC,, which is transformed into a
CC-embedding layer e““ of a d..-dimensional vector. The CC-embedding matrix is defined as
E¢ € RéecXIVeel where d.. denotes the dimensions of the embeddings, and V.. denotes a CC
vocabulary.

3.1.3 BILSTM Layers for Character Representation

The character embedding sequence e{., is provided to the BILSTM layers to acquire the character
context vectors hy.,,. The current character context vector hf. € hll:n of the /-th layer BiLSTM
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Figure 3.2: Our proposed model that integrates word and CC attentions into a character-based
BiLSTM-CREF architecture.

can be computed bidirectionally, as follows:

h! = BiLSTM(h/_}, 1)
= LSTM(h!_!, 1) (3.1.1)
@ LSTM,(h!7 n—i+1),

n:1o M

where h(l):n = efzn, LSTM  denotes forward LSTM, LSTM,, denotes backward LSTM, & denotes

concatenation, and h € R?¥ and d, are hyperparameters.

3.1.4 Attention Integrations for Integrated Representations

We use two attention integrations, word attention and CC attention, to estimate a word-integrated
summary vector a;’ and CC-integrated summary vector a;¢, respectively, for each character
in the character sequence. These integrations, which are equal in architecture, summarize
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the relationships among characters, words, and CCs. We apply the composition function
weight concatenation (WCON) [Higashiyama et al., 2019, Higashiyama, 2022] to estimate both
summary vectors. This function produces a word-integrated summary vector based on the
relationship between a character and the corresponding candidate word. It can also be used
implicitly to produce a CC-integrated summary vector based on the relationship between a
character and the corresponding candidate words and candidate CCs.

Starting with word-attention integration, we estimate the word-importance score u:j and
word-attention weight a/l.’;. based on the character context vector h; and the candidate word
embedding e}”, as follows:

ul; =hi wy'eY (3.1.2)

a>j-»

6ij exp(u}})
Q.. = 5
Yo Xkl Oik exp(uy)

where W) € R24r*dw denotes a trainable weight matrix and &; 7 € {0, 1} indicates whether
character x; is included in the candidate word w;. The word-integrated summary vector a;" for

(3.1.3)

the character x; can be calculated as

v
a}/v = WCON" (Xi, {Wj }7121): @ V. eV (31 4)

L
=1

where {w;} = W,. If K" is the maximum word length, then L* = YX” k. The symbol
&P denotes concatenation and i; is the corresponding index of the candidate word list W, for
character x;, that is, {w}, ..., w}.,} = UL, Ul gy (Xissirssio1}. A zero vector is applied to
Equation 3.1.4 when w) ¢ V,,.

For example, to compose the list of words w/, containing a character x4 for estimating the word-
importance score uffj; word-attention weight ajfj; and summary vector aZf, let the candidate
word list W, = {wy,...,wg}, maximum word length K" = 4, and L" = f:wl k = 10. The
procedure can be performed as follows:

4 0
W:; = {X4us:a4sk-1}
kL=J1 s:g+l (315)

= 1X4:4,X3:4, X4:5, X2:4, X3:5, X4:65 X1:4, X2:5, X3:6, x417}7

where the words x € w) contained in the training vocabulary are used. We then use the

BiLSTM layers to transform the word-integrated summary vectors a" into word-integrated
character vectors g using the corresponding character context vectors h, as follows:

g, = BILSTM(h; ® a)'). (3.1.6)

However, candidate CCs that correspond to the character are used on top of g; as
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ufy =gl Wecesr, 3.1.7)
5ip exp(ul?;)

a2
i1 Oik exp(ugy)

cc _
ip —

(3.1.8)

where W< € R4r>dec denotes a trainable weight matrix and dip € {0, 1} indicates whether
character x; is included in candidate CC cc,. The CC-integrated summary vector a;¢ for the
character x; can be calculated as

LCC
aj‘ = WCON““ (x;, {ccp};],zl): @ a;; e (3.1.9)
1=1

i i 2

where {ccp} = CC,. If K¢ is the maximum CC length, then L = Zf;; k. Here, i; is the
corresponding index of the potential CC list CC, for character x;, which is represented by
{cc’l, el CC'LCC} = f:c; U?:_ i1 1 Xiss:i+s+k—1}- As before, a zero vector is applied to Equation
3.1.9 when cc) ¢ V..

Next, we use additional BiILSTM layers to transform the CC-integrated summary vectors a““
into CC-integrated character vectors z based on a CC-integrated summary vector a7 and its

corresponding word-integrated character vector g;, as
z; = BILSTM(g; @ a;°). (3.1.10)

Finally, a CRF is used to estimate the probability of the optimal label sequence y.

3.1.5 CRF Layer

A CREF [Lafferty et al., 2001], combined with explicit consideration of the correlations between
adjacent labels, has been successfully applied to sequence-labelling-related tasks [Collobert
et al., 2011]. We developed a CRF layer as follows. Let A € R"XI7l be a transition matrix
for correlations between adjacent labels, where T denotes a set of all possible label sequences;
for instance, T = {B, I, E,S}. The CC-integrated character vector z; is transformed into an
un-normalized label score s; of the |T|-dimensional vector for character x;, as follows:

s; = Wsz; + by, (3.1.11)

where W, € RIT1X4dr denotes a trainable weight matrix and b € R/ denotes a trainable bias.
Given the input sequence x1.,, the corresponding scores for the label sequence y., are computed
from the transition matrix A and segmentation label scores s, as follows:

score(x,y) = > (Ay,,y, +si[yi). (3.1.12)
i=1
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The probability of the label sequence can then be obtained as

score(x, y)

yern score(x,y’)’

P(yl|x) = (3.1.13)

The optimal label sequence y* can be obtained by maximising the sentence score using the
Viterbi algorithm:
y* = argmax crascore(x, ). (3.1.14)

The loss function £ is minimised by backpropagation during the training process:

L(x,y) =—-log P(y|x). (3.1.15)

3.1.6 BERT Layers

In this aspect of our study, BERT layers were used for comparison with BiLSTM-based models.
A BERT}, layer! was used to extract three types of representations: contextual-character-,
word-, and CC-representation. Specifically, the BILSTM layers for character representation
in Section 3.1.3 were replaced with a BERT-encoder layer to compute the character context
vectors hy.,, as shown in Figure 3.3. In this architecture, the current character context vector h;
is computed as follows:

h =e; +e’, (3.1.16)
hll. = Transformer(hll._l), (3.1.17)
where [ = {1,2,...,L} is the number of transformer layers [Vaswani et al., 2017], e¢ is the

embedding obtained from the BERT embedding layer, and e” is the positional embedding.
Because we adopted BERT,ge, L = 12 and e€ € R4exIVeertl where d. = 768 and Vggrr
denotes the vocabulary in BERT,. The word- and CC-representations (Section 3.1.2 are
obtained simply from the BERT embedding layer. In other words, word- and CC-embedding
layers (as well as subword-embedding layers) were replaced with a BERT-embedding layer.
When using the BERT embedding layers, the word- and CC-embedding matrices are defined
as BV e RéwXIVeertl and E¢¢ € RéeeXIViertl where d,, = 768 and d,.. = 768. Finally, the BERT-
pooler layer and CRF layer conditionally project the BERT representations from the encoder
layers into the optimal label sequences y*.

Thttps://huggingface.co/bert-base-multilingual-cased
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Figure 3.3: BERT-integrated character-based word segmentation model.
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3.2 Experiments

3.2.1 Datasets

We trained and evaluated several versions of our model on three datasets: BEST2010, TNHC,2,
and VISTEC.? BEST2010 corpus consists of four different domains of textual documents—
articles, encyclopaedia, news, and novels—and has frequently been used to evaluate Thai word
segmentation models. TNHC and VISTEC are collections of Thai classical literature and social
media datasets, respectively, for Thai text processing. The latter two datasets were recently used
to evaluate domain-dependent word segmentation. For our purposes, we randomly split the
BEST2010 corpus into three sets:* 80% for training, 10% for validation, and 10% for testing.
For TNHC and VISTEC, we applied that data splits as in Limkonchotiwat et al. [2020, 2021].
The sizes of all the datasets are listed in Table 3.1.

Dataset Set |S| W] V| |Ch|
Train 119K IM 729K 16M
BEST2010 Valid 149K 5014K 23K 1.9M
Test 149K 500.4K 23K 1.9M
Train 12.7K  03M 16.8K 1.3M
TNHC Valid 14K 472K 53K 0.1IM
Test 44K 125K  9.2K 0.4M
Train 36K 24M 985K 9.5M
VISTEC Valid 4K 270K 237K 1.1M
Test I0OK 677.4K 429K 2.6M

Table 3.1: Data sizes, including the number of sentences (S); words (W); characters (Ch); and
the size of the vocabulary (V), for the BEST2010, TNHC, and VISTEC datasets.

3.2.2 Subword-Integration

In our exploration of a broader range of utilizing multi-granularity linguistic units for character-
based word segmentation task, we also consider the integration of subword units. While subword
units have been successfully applied to these tasks, they may generate noise that decreases
segmentation performance when a word dictionary already exists. Therefore, using the different
versions of our proposed model, we conducted a comparison between using subword units and
CCs because of their similarity. To illustrate, let V,, be a subword vocabulary decomposed from
a dataset. We simply replaced the CC vocabulary V... with the decomposed subword vocabulary
Vsw. Thus, a candidate list of subwords SW, can be acquired and used for subword attention
integration by applying Equations 3.1.7 and 3.1.9.

https://attapol.github.io/tlc
3https://github.com/mrpeerat/0SKut/tree/main/VISTEC-TP-TH-2021
“https://resources.aiat.or.th/thwcc-attn/datasets
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3.2.3 Attention Integration Order

Given that attention integrations in our model are applied sequentially, the order in which
these integrations occur can potentially influence the segmentation performance, and it can be
switched. For instance, in the base version, our model first performs CC attention integration to
estimate the relationships between characters and CCs, which is then followed by word attention
integration This might affect the segmentation performance because each integration provides
different information. To explore this possibility, we implemented a swapped version of our
model (Swap) in which the integration order was switched and compared its segmentation
performance with that of the base model.

3.2.4 Pre-Trained Model Integration

Fine-tuning a PTM for word segmentation has proven to be effective in previous studies. Thus,
as mentioned prior, we conducted character-based Thai word segmentation with a PTM (shown
in Figure 3.3), by simply replacing the character BILSTM layers in Figure 3.1 with BERT
layers, as described in Section 3.1.6. We chose M-BERT” for our experiment because of its
originality and accessibility. Furthermore, we applied this approach to the baseline model
and our proposed model, where CCs, subwords, or words were used for model comparison.
In our experiment, each character x; was transformed into a BERT-token id. Thereafter,
each token id was encoded with a BERT encoder to obtain a character BERT representation.
Similarly, candidate word w; and either candidate CC cc,, or candidate subword unit sw,,
obtained from Section 3.1.4, were also transformed into a BERT-token id. Unlike the character
BERT-representation, such candidate units are directly encoded into CC, subword, and word
BERT-representations from the BERT-embedding layer. The character BERT-representation,
along with the corresponding word BERT-representation and either CC BERT-representation or
subword BERT-representation, were used to estimate the importance scores u and the attention
weights a (Section 3.1.4).

Note that the BERT tokenizer was not used to tokenise the sentence s into subword units.
Hence, the candidate CC, subword, and word units, can potentially become unknown tokens
(UNK). This circumstance arises when some tokens are not included in the BERT tokenizer
and therefore cannot be converted into BERT-token ids. Therefore, the resulting tokenisation
heavily depends on the specific PTM and the approach used to construct subword unit in
this experiment. In addition, we included special tokens, including CLS and SEP tokens, in
the training, validation, and test steps as the S (single-word) label of BMES tagging scheme.
However, these special tokens were not counted during the testing step to avoid overestimation.

Shttps://huggingface.co/bert-base-multilingual-cased
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3.2.5 Hyperparameters

We used CCs from publicly available libraries, including Phatthiyaphaibun et al. [2016] and
TCCSEG?, to build the CC vocabulary V,.. To generate the subword vocabulary Vj,, for each
dataset, we decomposed raw sentences from the training sets into subword units of various
sizes using BPE implemented in SentencePiece [Kudo and Richardson, 2018]. The generated
subword vocabulary for each dataset was not shared with the other experimental datasets.

We used common hyperparameters for training the different versions of our proposed model
(hereafter, referred to as “our models”), as shown in Table 3.2. Dropout [Srivastava et al.,
2014] was applied to the BiLSTM layers to avoid overfitting and non-recurrent layers [Zaremba
et al., 2015]. The model parameters were optimised using the Adam optimiser [Kingma and
Ba, 2015]. We trained our models up to 20 epochs and chose the best one based on a validation

process involving word-level evaluation.’

Parameter Value
Character-embedding size 128
BiLSTM layers 2
BiLSTM hidden size 600
Mini-batch size 128
BiLSTM Initial learning rate 0.001
Learning rate decay 0.99
Recurrent layer dropout rate 0.4
Word-embedding size 300
Word-vector dropout rate 0.4
Maximum word (chunk) length 4
BERT hidden size 768
BERT initial learning rate 0.00002
Maximum sequence length 512
CC/subword-embedding size 300
CC/subword-vector dropout rate 0.4
Maximum CC/subword length 0.4

Table 3.2: Common hyperparameters for Baselines and our models (top/middle), with exclusive
values to our models (bottom). Note: hyperparameters designated for CC integration can also

be applied to subword integration.

3.2.6 Compared Models

The following models were evaluated:

®https://github.com/tchayintr/tccseqg
"https://github.com/spyysalo/conlleval.py



Baseline: A character-based BiLSTM-CREF architecture, as shown in Figure 3.1.

Baseline w/ Word: An extension of the Baseline that integrates word attention (BiLSTM-
CRF with word attention) [Higashiyama et al., 2019].

Baseline w/o BiLSTM w/ BERT: A character-based BERT-CRF architecture that re-
places BiLSTM layers for character representation with BERT layers, as shown in 3.3.

Baseline w/ BERT w/ Word: The Baseline w/ Word that replaces BiLSTM layers for
character representation with BERT (BERT-BiLSTM-CRF with word attention).

OURS: Our proposed model that integrates word and CC attentions (BiLSTM-CRF with
word and CC attentions), as shown in Figure 4.1.

OURS w/o CC w/ Sub: Our proposed model that replaces the CC with various sizes of
subword units (800-12,800) (BiLSTM-CRF with word and subword attentions).

OURS w/o Word: Our proposed model that removes word attention (BiLSTM-CRF with
CC attention).

OURS Swap: Our proposed model that swaps the order of word and CC attentions.

OURS w/o CC w/ Sub Swap: OURS w/o CC w/ Sub model that swaps the order of word
and subword unit attentions.

OURS w/ BERT: Our proposed model that integrates word and CC attentions, and
replaces BiLSTM layers for character representation with BERT (BERT-BiLSTM-CRF
with word and CC attentions).

OURS w/ BERT w/o CC w/ Sub: Our proposed model that integrates word and subword
unit attentions, and replaces BiLSTM layers for character representation with BERT
(BERT-BiLSTM-CRF with word and subword attentions).

Others: Reproduced Thai non-neural/neural word-segmentation models, including well-
known models, the state-of-the-art Thai word-segmentation model [Seeha et al., 2020],
and recent domain-adaptation models [Limkonchotiwat et al., 2020, 2021].

3.2.7 Evaluation Metrics

We evaluated our models on the test data using two evaluation metrics: character-level eval-
uation, word-level evaluation. We also used them to compare our model with recent Thai
domain-adaptation word segmentation works [Limkonchotiwat et al., 2020, 2021].

Note that our F; scores were based on the micro-averaged F; scores for all evaluation matrices.

We conducted statistical significance tests using paired bootstrap resampling [Koehn, 2004] on

our results, particularly on OURS with state-of-the-art Thai word segmentation [Seeha et al.,
2020], OURS with Baseline w/ Word [Higashinaka et al., 2021], and OURS w/o CC w/ Sub.
We set the resampling size to 100,000 iterations and the sample size for each resampling to 10%
of the test data.
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#chargold(s)npred(B)

Precisiong,r =
char #charpred(B)
#char 1d(B d(B
Recall . = gold(B)npred( >,
#char gold(B)

Precision.,,; X Recall.p,,

Floha =2 X —
cnat Precisiony,. + Recall,,

where #char represents the number of characters in a sequence. gold(B) and pred(B) denote
gold boundary characters from a dataset and predicted boundary characters from a model,
respectively.

#Wordgoldﬂpred

Precisionyq =
#Wordpred

#wordgoldnpred
Recallyog = ————— =
#wordgolq

" Precisionyq X Recallyorq
Precision,,oq + Recallyorq’

Flword =2

where #word represents the number of words found in a sequence. gold and pred denote a set
of gold words from a dataset and a set of predicted words from a model, respectively.
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3.3 Results and Analysis

3.3.1 Main Results

Table 3.38 illustrates the evaluation results of the compared models on BERT2010, while
Table 3.4 shows the architectures of the compared models. According to these results, the best
of our models was OURS, which performed better than all the other models. The statistical
significance test further confirmed that OURS outperformed both the state-of-the-art and strong
baseline models, including Baseline w/ Word and OURS w/o CC w/ Sub. Although using
subword units showed the potential to slightly improve the performance compared with that
when using CCs, OURS outperformed OURS w/o CC w/ Sub in multiple runs and performed
significantly better at p-level < 0.05. This demonstrates the superior effectiveness of CCs over
subword units for segmentation performance. Moreover, unlike constructing subwords, CCs do
not require hyperparameter adjustments. OURS, which used word and CC units, outperformed
Baseline w/ Word, indicating that CCs can be used to complement word units.

No non-neural models were able to outperform any neural model. However, TLTK and
New Multi-Cut, which incorporate additional linguistic information, that is, syllables and CCs,
demonstrated superior performance over LexTo and Multi-Cut. The results indicate that the
inclusion of syllables can enhance the Word-F1 score, while integrating CCs can improve Char-
F1. In addition, we implemented an additional model that replaces the BiLSTM layers with
transformer encoder layers [Vaswani et al., 2017] in Baseline, using the hyperparameters for
the transformer layers from Vaswani et al. [2017]. However, the results were noticeably poorer
than those of other models.

3.3.2 Subword-Integration Performance

We implemented OURS w/o CC w/ Sub on various subword unit vocabulary sizes, as shown
in Table 3.5. The results indicate that vocabulary size affects the performance of subword-
integration. Specifically, providing a larger subword vocabulary to the model consistently
improves its overall performance. It is suggested that OURS w/o CC w/ Sub may match the
performance of the OURS when the subword vocabulary size is sufficiently large. However,
it may be a challenge to determine the appropriate vocabulary size to benefit the model. For
instance, OURS w/o CC w/Sub with 12,800 subword tokens (OURS w/o CC w/ Sub12800)
failed to improve on the performance of those with 3,200 and 6,400 subword tokens. Thus, the
size of the subword vocabulary is a crucial parameter that affects the performance of this model.

We chose the best subword-integration model based on validation performance to compare
with OURS, as shown in Table 3.3. Both subword- and CC-integration tended to act as an addi-
tional filter layer for word-integrated character representations and improved the segmentation
performance. However, OURS outperformed OURS w/o CC w/Sub in every evaluation. We

8LexTo (http://www.sansarn.com/lexto), TLTK (https://github.com/attapol/tltk), Multi-cut, and New Multi-cut
(https://github.com/PyThaiNLP) were used to produce non-neural segmentation results.
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believe that the main reason for this is that subword units contain noise, while CCs do not. For
example, there may be a unit that is included in the subword vocabulary but does not exist in the
Thai word vocabulary and violates the Thai writing system (for example, a combination of one
Thai vowel followed by one Thai consonant), whereas CCs will not include this type of unit.

3.3.3 Order-of-Integration Performance

As mentioned prior, we also compared the performance of our model when the order of
attention integration was swapped. Table 3.3 shows that the swapped models exhibited decreased
segmentation performance compared with the original models, especially in the case of the
swapped subword-integration model. We suggest that subword-integration adds initial noise to
character representations, as explained above, making it difficult for the model to complement
such representations in the word-attention integration.

OURS Swap slightly increased in performance compared with OURS w/o CC w/ Sub Swap
because the CC vocabulary consists of smaller units that reflect the Thai writing system and

Model Method Fehar (00) Fywora (07)
LexTo °© Dict w/ Longest-matching 84.38 67.29
TLTK °® Dict w/ Maximum-collocation w/ Syllable 86.00 74.49
Multi-Cut °® Dict w/ Maximum-matching 83.34 60.36
New Multi-Cut °© Dict w/ Maximum-matching w/ CC 86.39 68.63
[Treeratpituk, 2017]° LstMm 96.53 ¢ 9249
[Chormai et al., 2019]° CNN w/ Syllable 91.36 93.79
[Kittinaradorn et al., 2019]° CNN w/ Char-type 98.17 95.82
[Lapjaturapit et al., 2018]° BiLSTM w/ CC 98.43 96.22
[Seeha et al., 2020]°* BiLSTM w/ Char-PTM 98.80 97.20
Baseline BiLSTM-CRF 98.28 (0.117) 96.71 (0.120)
Baseline w/ Word BiLSTM-CRF w/ Word 98.94 (0.008) 97.57 (0.003)
“Baseline w/o BILSTM w/ BERT BERT-CRF 98.77 (0.029) 97.18(0.012)
Baseline w/ BERT w/ Word BERT-BiLSTM-CRF w/ Word 98.65 (0.095) 96.79 (0.310)
OURS BiLSTM-CRF w/ Word w/ CC 98.99 (0.005) 97.67 (0.020)
OURS w/o CC w/ Sub BiLSTM-CRF w/ Word w/ Sub 98.96 (0.021) 97.60 (0.035)
OURS w/o Word BiLSTM-CRF w/ CC 98.91 (0.012) 97.42 (0.020)

OURS Swap BiLSTM-CRF w/ Word w/ CC Swap 98.97 (0.012) 97.61 (0.010)
|OURS w/o CC w/Sub Swap ___BiLSTM-CRF w/ Word w/ Sub Swap ___ 9887 (0.046) 97.45 (0.041) __

OURS w/ BERT BERT-BiLSTM-CRF w/ Word w/ CC 98.92 (0.020) 97.24 (0.030)
OURS w/ BERT w/o CC w/ Sub BERT-BiLSTM-CRF w/ Word w/ Sub 98.76 (0.049) 97.11 (0.081)

Table 3.3: Comparison of segmentation performance among our models, baselines, and others
on the BEST2010 dataset. Best score for each metric is indicated in bold. OURS was
significantly better than the state-of-the-art Thai word segmentation model, Baseline w/ Word,
and OURS w/o CC w/ Sub (underlined scores) at p-level < 0.05 in pairwise comparison. All
models were evaluated based on the same dataset division. The scores were obtained from
the mean of three runs. OURS w/o CC w/ Sub scores were reported from the best validation
performance among various subword vocabulary sizes. The symbols o, ®, and x indicate
reproduced, non-neural, and the state-of-the-art Thai word segmentation models, respectively;
o represents population standard deviation.
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Model Method Word CC Sub LSTM PTM

LexTo °© Dict w/ Longest-matching v

TLTK °® Dict w/ Maximum-collocation w/ Syllable v/

Multi-Cut °© Dict w/ Maximum-matching v

New Multi-Cut °© Dict w/ Maximum-matching w/ CC v v
[Treeratpituk, 2017)° ~ LSTM /o

[Chormai et al., 2019]° CNN w/ Syllable

[Kittinaradorn et al., 2019]° CNN w/ Char-type

[Lapjaturapit et al., 2018]° BiLSTM w/ CC v v

[Seeha et al., 2020]°* BiLSTM w/ Char-PTM v Vv

Baseline BiLSTM-CRF v

Baseline w/ Word BiLSTM-CRF w/ Word v v
“Baseline w/o BILSTM w/ BERT BERT-CRF v

Baseline w/ BERT w/ Word BERT-BiLSTM-CRF w/ Word v v

OURS BiLSTM-CRF w/ Word w/ CC v v v

OURS w/o CC w/ Sub BiLSTM-CRF w/ Word w/ Sub v v v

OURS w/o Word BiLSTM-CRF w/ CC v v

OURS Swap BiLSTM-CRF w/ Word w/ CC Swap v v v

OURS w/o CC w/ Sub Swap BiLSTM-CRF w/ Word w/ Sub Swap v v v
"OURSW/BERT ~ BERT-BiLSTM-CRFw/Wordw/CC /| v

OURS w/ BERT w/o CC w/ Sub BERT-BiLSTM-CRF w/ Word w/ Sub v v v v

Table 3.4: Comparison of architectures among our models, baselines, and others. A v'indicates
whether Words, CCs, Subwords, LSTM, and PTMs were used in the model.

Model Fchar Fword
OURS w/o CC w/ Sub800 98.94 97.56
OURS w/o CC w/ Sub1600  98.96 97.59
OURS w/o CC w/ Sub3200  98.95 97.65
OURS w/o CC w/ Sub6400  98.98 97.65
OURS w/o CC w/ Sub12800 98.95 97.65

Table 3.5: Results of segmentation performance for our subword-integration model (OURS
w/o CC w/ Sub) with various subword vocabulary sizes from 800 to 12,800 tokens. The best
result of three runs is reported. An underline indicates the model that obtained the best score in
the validation process.

includes no noise information. Results showed that OURS outperformed both swapped models
and that word information is preferential to complement a character representation, whereas
fine-grained information, that is, CCs and subword units, is more suitable for use after word
information as an additional filter layer.

3.3.4 Pre-Trained Model Performance

In this experiment, we replaced BiLSTM layers with BERT layers to extract character context
vectors while simply extracting word and CC representations from the BERT-embedding layer.
From the results shown in Table 3.3, applying the pre-trained BERT model to the baseline
improved its segmentation performance on BEST2010. However, the BERT-integrated models
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that incorporated additional linguistic units, that is, Baseline w/ BERT w/ Word, OURS w/
BERT, and OURS w/ BERT w/o CC w/ Sub, exhibited clearly reduced segmentation perfor-
mance compared with the original models. We believe the main reason is that the pre-trained
BERT model can produce unknown tokens (UNK) to represent unknown characters or candidate
words, CCs, and subword units, which are not included in the BERT vocabulary, instead of
using their own representation. This can be considered a limitation of applying the existing pre-
trained BERT model for straightforward fine-tuning without expanding the BERT vocabulary
to cover all possible candidate words, CCs, and subword units. We expect that the segmenta-
tion performance could be improved if the pre-trained BERT model were pre-trained with the
training data, and the BERT vocabulary is appended with candidate CCs, subwords, and words.

Although the segmentation performance in our model, that is, OURS w/ BERT and OURS
w/ BERT w/o CC w/ Sub, decreased when it was combined with the pre-trained BERT model,
their results still outperformed Baseline w/ BERT w/ Word. This indicates that incorporating
a pre-trained BERT model with multi-granularity linguistic units, including words, and either
CCs or subwords, is useful. By comparing the BiLSTM-based models with the BERT-integrated
models, most of the BILSTM-based models outperformed their own BERT-integrated versions;
only Baseline did not outperform Baseline w/o BiLSTM w/ BERT.

3.3.5 Comparison with Thai Domain-Adaption Models

To evaluate our models on additional datasets, we compared them with recent studies that focused
on domain-adaptation scenarios using specific datasets: TNHC and VISTEC. The baseline and

TNHC
Model Method Funyr () Ford ()
LexTo °© Dict w/ Longest-matching 88.10 69.92
TLTK °© Dict w/ Maximum-collocation w/ Syllable 86.95 71.81
Multi-Cut °© Dict w/ Maximum-matching 83.96 67.62
New Multi-Cut °© Dict w/ Maximum-matching w/ CC 88.56 70.32

" [Limkonchotiwat et al., 2020]° ~ SE-DC (Stack Ensemble) 952 841
[Limkonchotiwat et al., 2021]° DSE-DC (Deep Stack Ensemble) 95.71 85.74
Baseline BiLSTM-CRF 98.17 (0.052) 95.91 (0.028)
Baseline w/ Word BiLSTM-CRF w/ Word 98.39 (0.051) 96.40 (0.163)

" Baseline w/o BILSTM w/ BERT BERT-CRF 98.06 (0.041) 95.55 (0.037)
Baseline w/ BERT w/ Word BERT-BiLSTM-CRF w/ Word 98.31 (0.035) 95.46 (0.040)
OURS BiLSTM-CRF w/ Word w/ CC 98.54 (0.016) 96.65 (0.028)
OURS w/o CC w/ Sub BiLSTM-CRF w/ Word w/ Sub 98.41 (0.021) 96.39 (0.032)

"OURSW/BERT ~ BERT-BiLSTM-CRF w/ Word w/CC ~ 98.63 (0.016) 96.36 (0.023)

OURS w/ BERT w/o CC w/ Sub BERT-BiLSTM-CRF w/ Word w/ Sub

98.03 (0.042)

94.71 (0.030)

Table 3.6: Comparison of segmentation performance between our models, domain-adaptation
models, baselines, and others on the TNHC dataset. Best score for each metric is indicated in
bold. Scores were obtained from the mean of three runs. OURS performed significantly better
than Baseline w/ Word and OURS w/o CC w/ Sub (underlined scores) at p-level < 0.05. A
e indicates a reported score from literature; ° and © indicate scores reproduced from neural
models and non-neural models, respectively. o represents population standard deviation.
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VISTEC

Model Method Funyr () Ford ()
LexTo °© Dict w/ Longest-matching 87.54 70.43
TLTK °© Dict w/ Maximum-collocation w/ Syllable 88.66 76.73
Multi-Cut °© Dict w/ Maximum-matching 84.52 64.41
New Multi-Cut °® Dict w/ Maximum-matching w/ CC 88.75 73.37
" [Limkonchotiwat et al., 2020]°  SE-DC (Stack Ensemble) -
[Limkonchotiwat et al., 2021]° DSE-DC (Deep Stack Ensemble) 95.07 88.48
Baseline BiLSTM-CRF 96.81 (0.016) 91.70 (0.041)
Baseline w/ Word BiLSTM-CRF w/ Word 97.09 (0.029) 92.42 (0.067)
“Baseline w/o BILSTM w/ BERT BERT-CRF 97.10 (0.020) 92.23 (0.020) -

Baseline w/ BERT w/ Word BERT-BiLSTM-CRF w/ Word 97.04 (0.016) 92.19 (0.008)
OURS BiLSTM-CRF w/ Word w/ CC 97.18 (0.012) 92.65 (0.016)
OURS w/o CC w/ Sub BiLSTM-CRF w/ Word w/ Sub 97.04 (0.016)  92.27 (0.008)

"OURSW/BERT ~ BERT-BiLSTM-CRFw/Word w/CC ~ 97.10(0.012) 92.40 (0.008)
OURS w/ BERT w/o CC w/ Sub  BERT-BiLSTM-CRF w/ Word w/ Sub 96.92 (0.074)  92.09 (0.084)

Table 3.7: Comparison of segmentation performance between our models, domain-adaptation
models, baselines, and others on the VISTEC dataset. Best score for each metric is indicated
in bold. Scores were obtained from the mean of three runs. OURS performed significantly
better than Baseline w/ Word and OURS w/o CC w/ Sub (underlined scores) at p-level < 0.05.
A e indicates a reported score from literature; ° and © indicate scores reproduced from neural
models and non-neural models, respectively. o represents population standard deviation.

our models were evaluated in an in-domain scenario, that is, the models were trained on the
targeted domain training data and evaluated on the target domain test data. Specifically, we
performed these model based on training, validation, and test splits for TNHC and VISTEC.
For reference, the results of previous models [Limkonchotiwat et al., 2020, 2021] trained in a
domain adaptation scenario (using both source and target domain training data) were reported.

Tables 3.6 and 3.7 shows the results of our models and other domain-adaptation models
in character-level and word-level evaluations, as in the work of [Limkonchotiwat et al., 2020,
2021].” OURS and OURS w/ BERT surpassed all domain-adaptation models and outperformed
every reproduced model. Specifically, mirroring the tendency observed in Section 3.3.1, OURS
was statistically significantly better than OURS w/o CC w/ Sub at p-level < 0.05. Moreover,
OURS outperformed OURS without CC w/Sub in multiple runs. This emphasises the benefits
of using CCs over subword units. Although we reproduced Limkonchotiwat et al. [2021] from
their original repository, the reproduced results were lower than their reported scores: by 3.4
for the Word-F1 scores on TNHC and by 2.29-4.43 for the Char/Word-F1 scores on VISTEC.

The results of the non-neural models showed the same tendency as in Section 3.3.1, that is, no
non-neural model was able to outperform any neural models. In addition, the results of the non-
neural models also supported the hypothesis that the use of additional linguistic information, that
is, syllables and CCs, could improve segmentation performance, as in TLTK and New Multi-
Cut. Specifically, by incorporating syllables, TLTK achieved outstanding Word-F1 scores,
while New Multi-Cut, which incorporates CCs, performed well with regards to Char-F1.

9Results for the DSE-DC method from Limkonchotiwat et al. [2021] were obtained using the same dataset
division as their official model from https://github.com/mrpeerat/OSKut.
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3.3.6 Case Study: Segmentation Results

Figure 3.4 presents examples of segmentation results among four models: Baseline, Baseline/w
Word, OURS, and OURS w/o CC w/ Sub, utilizing the BEST2010 dataset. OURS perfectly
segmented the example sentence; however, other models yielded incorrect results. Specifically,
underlined word violates the Thai writing system by combining the two consonants in the
word. We believe that CC-integration successfully filters out this type of violation from the

word-integrated character representations, enabling OURS to outperform the other models.

Y

Reference Yo gudne on a9 Tl w13 Tu § 1dedh

Baseline To du oo nda i T it 14 Tu & iiderh
Baseline w/ Word  Tlodudhon nda i o) fiu 13 u § iderh

OURS Tlo quéhu on &4 i T it 13 T § derh

OURS wio CCw/Sub  Tlo dudhon na i 'l it 14 Tu & siferh

Podusreenduinlihiu 13 udided

“Por clumsily put a crate into a closet.”

Reference
Baseline
Baseline w/ Word
OURS
OURS w/o CC w/ Sub

a 3 J 3 4 @ @ 2 § 4
Poyas wiu M1 911509 ¥ 92 90 11 W1 42150 10 VU YT 395D 1Wdeu Goa wa
a < Vo A o o ] a = 4
Poyas iu M1 211509 ¥ 9290 11 W1 A2 150 10 Ju 10 1 395D 1Wdeu Goa wa
2 3 1 1 4 L% % 3 = 4 4
Voua 7y 11911509 $09290 11 W1 42150 110 1 10 1 9950 1fdsu iToa ya

a < 1 1 4 @ Y 2 y 4
Yoy 1iiv M1 91509 50 92 30 171 %1 67 150 110 VU YN 195V 1Waew og ya

a

a < 1 1 4 o @ 2 { 4
Toya 7y 911911509 $0 92 90 11 W1 62150 110 U 90 1 9950 1faeu 5oa ya

a

a < oA @ o 3 { 4
Voymrun1NGEesrnIzINMANsoNINIUYIRIG U dsuEoane

“Piyanuch realized that discussing the story could cause her problems,

Figure 3.4: Examples of segmentation results comparing baseline models with our models,
using the BEST2010 dataset. The ground-truth segmentation result is indicated as “Reference”
and incorrect segmentation results are in red. Underlines indicates segmentation results that

so she quickly changed the topic of conversation.”

violate the Thai writing system.
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3.4 Conclusion for this Chapter

In this chapter, we presented a character-based Thai word segmentation model that explores a
broader range of multi-granularity linguistic units, including CCs, subwords, and words, with
multiple attentions. Our model outperformed the state-of-the-art Thai word segmentation model
by using word attention along with CC attention in the BILSTM-CRF architecture.
Comparisons between BiLSTM-based models and BERT-based models indicated that BILSTM-

based models surpassed BERT-based models, particularly when applying our method. However,
we observed improvements over the baseline model when integrating a pre-trained BERT model
into our proposed approach. Further analysis also suggests that the incorporation of CCs could
lead to better performance than using subword units in character-based Thai word segmentation.
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Chapter 4

Incorporating Multi-granularity
Linguistic Units through the Use of
Lattices

4.1 Methodology

In this section, we provide an overview of our LATTE methodology and then discuss it in detail.
Given a sentence s with n characters, that is, a character sequence xy., = (x,x2,..., Xy), the
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Figure 4.1: Our proposed model that integrates a lattice structure and GNNs into a character-
based word segmentation model.
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task is to assign a segmentation label y; based on the BMES tagging scheme 7 = {B, M, E, S}
(beginning, middle, end, and singleton), which is a word-boundary label, to a character x;.
Our approach, as illustrated in Figure 4.1, utilizes either BILSTM- or BERT-encoder to ob-
tain a contextualized character representation h; for each character in a character sequence.
Consequently, we construct lattice G that includes nodes v built from possible characters and
words based on the character sequence along with their edges. Subsequently, we encode lattice
G to obtain a multi-granularity contextualized node representation g; and a lattice-attention
summary vector a; using either BILSTM- or BERT-encoder, GNN, and attention mechanism,
sequentially. The contextualized character representation is subsequently concatenated with the
lattice-attention summary vector. Finally, a conditional random field (CRF) layer is used to
conditionally estimate the label sequence score for the character sequence.

We describe three major components, which perform the above operations in detail, including
character encoding, lattice attentive encoding, and inference layer.

4.1.1 Character Encoding

We employ either BILSTM or BERT as an encoder, to transform a character sequence x1., into
contextualized character vectors.
BiLLSTM: The character sequence xy., is transformed into character embeddings e] . of d.-
dimensional feature vector. The character embedding matrix is defined as E. € RIVOCc|xde
where VOC, denotes the character vocabulary. Note that pre-trained word vectors such as
fastText [Bojanowski et al., 2017] can be used to initialize character embeddings €{. . BILSTM
layers are used to obtain contextualized character vectors hj., by subsequently encoding the
character embeddings e{. .

A current contextualized character vector hf of the I"* BiLSTM layer can be computed
bidirectionally as follows:

h! = BiLSTM(h/.}, /)
= LSTM(h/7}, 1) (4.1.1)
® LSTM, (hl- ]l n—i+ 1),

where h?:n = e‘l‘ - f denotes the forward direction, b denotes the backward direction, & denotes
concatenation, and h; € R% and d, are hyperparameters.
BERT:! Apart from the character sequence xi.,, special tokens, namely the [cLs] and [SEP]
tokens, are augmented at the beginning xo and end x,,4+; of the character sequence, respectively.
The character sequence that includes the special tokens xq.,+; is converted into a one-hot
representation of characters ug.,+;. Note that a character x; can become [UNK] token assuming
that the character does not exist in BERT vocabulary. The one-hot representation of characters
Up.,;1 are then transformed into contextualized character vectors hg.,+1 of dggrr-dimensional
feature vector.

"Here, we used Multi-criteria BERT (MC-BERT) PTM as described in Section 4.1.4.
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A current contextualized character vector h; can be computed as follows:

h) = Wu,; + W, [i], (4.1.2)
hll- = Transformer(hf-_l), (4.1.3)
where [ = {1,2, ..., L}, which is the number of transformer layers [Vaswani et al., 2017]. W, is

the weight of the BERT-embedding layer while W, [i] is the weight of the positional encoding
at the i’ index, and u; is one-hot representation of the i’ character. The BERT-embedding
matrix is determined as RI"VOCsertIXdsErT \where VOCgErT denotes the vocabulary in BERT.
In addition, the summation of the last four layers is used to obtain the contextualized character
vector h; as in Yang [2019].

4.1.2 Lattice Attentive Encoding

We propose the lattice attentive encoding method to attentively extract the representation of
multi-granularity linguistic units from possible segmentation alternatives. These segmentation
alternatives are represented by lattices based on multi-granularity units.?

Let G = (V,E) where G is a directed acyclic graph (DAG) for a character sequence xi.,.
Here, V = {vi,..., vy} is the set of vertices or nodes, and E C {V x V} is the set of
edges. To construct the nodes vi.,, = V of the lattice G, we search for possible characters and
words based on the character sequence xi.,, where m is the number of nodes (i.e., the found
characters and words). Each node preserves a character sequence of length up to k, where each
sequence represents either a character or a word. Specifically, the lattice G comprises nodes
that correspond to a character or word w of length 1 < |w| < k and edges that connect nodes of
adjacent characters or words in the character sequence (the sentence).

We employ either BiLSTM-encoder or BERT-encoder to initialize feature vectors for the
nodes in the lattice G, which include the character-node (V¢), word-node (V"), and special-
node (V*).

Ve = {Vj € V||Vj|= 1A v ¢ S},

VY = {Vj € V||Vj|> 1 Av; ¢ S},
V= {Vj € Vle € S},

where |v;| represents the length of characters (word) in the 7" node. S denotes the set of
special tokens, that is, [cLs], [sEp], [Bos], [E0s], and [UNK].

BiLSTM: Character-feature vectors v¢ of the character-node V¢ are initialized by the con-
textualized character vectors hj., from the BiLSTM encoder in Section 4.1.1 (Equation (
4.1.1)). Word-feature vectors v" of the word-node V" are initially generated from word em-
beddings e}, ~of the d,,-dimensional feature vector. The word embedding matrix is defined as

ZPlease refer to Section 4.1.4 for implementation details concerning lattice construction.
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E,, € RIVOCwIXdw where VOC,, denotes the word vocabulary. Special nodes V*, that is the
[Bos] and [Eos] nodes, are used to specify the beginning (vg) and end (v,,+1) of the lattice G,
respectively. These special-node features are obtained from the word embeddings matrix E,,.
BERT: Character-feature vectors v¢ of the character-node V¢ are initialized using the contex-
tualized character vectors h;., from the BERT encoder, as demonstrated in Section 4.1.1. To
initialize word-feature vectors v of the word-node V", each word node is augmented with the
special tokens, [cLs] and [sEp] tokens. These special tokens are placed at the front and the back
of each word node in sequence, respectively. Each word node, now augmented with the [cLs]
and [sEp] tokens, is then individually encoded using the BERT-encoder (Equations ( 4.1.2) and
(4.1.3)), yielding the word-feature vectors v". The [cLs] and [sEp] nodes are used to specify
the start (vo) and end (v,,+1) of the the lattice G, respectively. Note that these special nodes are
initialized from hg and h,,;; that encode by the BERT-encoder in Section 4.1.1).

In summary, we acquire the contextualized node representations v/ = vi_ ., with {v¢, v",
v*} € v'. This effectively transforms the original lattice G into a new lattice G’, with G’ = (V/, E)
Note that a single-character word is treated similarly to a character in the construction of a lattice
and in deriving its representation from either the BILSTM or BERT.

We then employ GAT to encode the lattice G’, acquiring multi-granularity contextualized

node representations g = g;.,...
g = GAT (G, 65),

where 0 denotes parameters of GAT such as the number of GAT layers and the number of
attention heads, among others. The multi-granularity contextualized node representation g;.,,
can be obtained from GAT? by estimating the importance score uf , of node k to node j and
their attention weight a]g. ;. as follows:

ué, = FENN(W,, & W,v)),

o exp(LeakyReLU(ufk))
k- Yo, exp(LeakyReLU(u?l))’

where j and k are neighbouring nodes, and FFNN is a single-layer feed-forward neural network.
W, and O ; denote a shared weight matrix and the set of neighbourhoods of node j 4 respectively.
Finally, the multi-head attention is employed to compute the multi-granularity contextualized

Q
g = a’(éz Z @S WY,

g=1ke0,

node representations g;.

where g; € RY%, d, is a hyperparameter, Q indicates the number of attention-head, and o

3We used a bidirectional variant of GAT (BiGAT) as described in Section 4.1.4 (Equation ( 4.1.5)) to obtain
the multi-granularity contextualized node representations g.

“When BiGAT is used if (v;, v;) € E and (v;,v;) € E, then v; is the neighbourhood of v; (i.e., v; € O;) but
v; is not in the neighbourhood of v; (i.e., v; ¢ O;)
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represents a nonlinear transformation, i.e., LeakyReLLU.

To attentively project a multi-granularity representation out of multi-granularity contextual-
ized node representation g, we employed a WAVG from Higashiyama et al. [2019], which is
an attention-based composition function. This function summarizes the relationship for each
character representation and its corresponding nodes by estimating a lattice-attention summary
vector a;. Specifically, a contextualized character representation h; originated from a character
x; 1s involved with a set of nodes that includes the character x; in the lattice G’. First, based on
the contextualized character vector h; and its corresponding multi-granularity contextualized
node representations g; in lattice G, the node-importance score uf’} and lattice-attention weight
afj are estimated accordingly.

a _ T
Uij =h; Wagj,

4o = 6;j exp(u;j)
Yoo Yy Ok exp(ui)

where W, € RY%*4 denotes a trainable weight matrix and 0;; € {0,1} indicates whether
character x; is included in node v;. The lattice-attention summary vector a; for character x; can

be calculated as follows:

m
a; = WAVG(x;, {v,}))= Z a8,

j=1
where {v;} is a node in the lattice G and a; € R%. Finally, a multi-granularity contextualized
character vector z; is produced by concatenating a contextualized character vector h; with the

lattice-attention summary vector a; as,
z; = h; & a;,

where z; € R+ds

4.1.3 Inference Layer

Projection layers are used to transform the multi-granularity contextualized character vectors
into a vectors; € RI7!. Considering CRF [Lafferty et al., 2001] has been successfully applied for
sequence-labeling related tasks [Collobert et al., 2011], we adopted it to estimate the probability
of the optimal label sequence y = y;., for the character sequence x = x;., by measuring the
correlations between adjacent labels as in previous studies [Higashiyama et al., 2019, Chay-intr
et al., 2021]. Let A € RI7XI7T1 be a transition matrix for correlations between adjacent labels,
where 7~ denotes a set of all possible label sequences, for instance, 7 = {B, M, E, S}. The ith
multi-granularity contextualized character vector z; can be transformed into an un-normalized
label score s; € RI7 as follows:
s, = Wsz; + bs,
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where Wy € RI71%(de+dg) is a trainable matrix, and b, € RI”! denotes a trainable bias vector.
Given the input sequence x.,, the corresponding scores for the label sequence y;., can be
obtained as follows:

n
score(x,y) = Z(Ayi,l,y,- +s;[yil),
i=1
where s[y] represents the dimension of a vector s according to a label y. The probability of the
label sequence can be obtained afterwards as follows:

score(x, y)

Yyern score(x,y’)’

P(ylx) =

To obtain the optimal label sequence y*, we adopt the Viterbi algorithm to maximize the
sentence score:
y* = argmax score(x, y).
yeTn
Finally, we adopt the negative log-likelihood as our loss function and minimize it by backprop-
agation during the training process:

L(x,y) = —log P(y|x).

4.1.4 Implementation Details
Lattice Construction

A lattice can be built on the basis of three formations: character-lattice (ChL), word-lattice
(WL), and word-character-lattice (WChL), as shown in Figure 4.2. In this study, we opted for the
construction of a word-character-lattice to handle segmentation alternatives comprehensively,
leveraging the multi-granularity linguistic units for character-based word segmentation. We
built a lattice using all possible combinations according to a character sequence from training
vocabulary, which includes the training set and external dictionaries. The lattice also includes
special nodes: the start node (s), ending node (e), and a dataset node’ (criterion token). For
the BERT encoder, [cLs] and [sEP] tokens are used as the start and end nodes, respectively.
Conversely, for the BILSTM encoder, [Bos] and [Eos] tokens serve as the start and end nodes.
To obtain the substrings of the character sequence while reducing time complexity in lattice
construction, we apply the Aho—Corasick algorithm [Aho and Corasick, 1975], which enables
linear time complexity.

Additionally, we introduce dynamic-lattice construction (DyL). This concept adapts from
Bagging (i.e., bootstrap aggregating) [Breiman, 1994] and Dropout [Srivastava et al., 2014]
methods, aiming to minimize generalization error and overfitting. During the training process,
edges in the lattice are randomly deleted. Consequently, the lattice corresponding to the same

SThe dataset node represents a feature for the multi-criteria pre-training method, as described in the Multi-
criteria Pre-training Method of Section 4.1.4.
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character sequence can vary for each epoch.

O-E@-F-E-EH-0-EB-E-0-0

G}P#FILI

G}r#yﬁ

BIXHARANTT,

“He is Japanese.”

Figure 4.2: Examples of lattice formation: character-lattice (top), word-lattice (middle), and
word-character-lattice (bottom), that can be built for our model.

Bidirectional Graph Neural Networks

As for a concept of BILSTM architecture in sequence labelling that considers both forward
and backward information [Huang et al., 2015], it can also be applied to a graph structure
and GNN architecture. Gui et al. [2019] additionally built a transpose-graph from a directed
graph where the graph comprises the same set of nodes but all edges in the graph are reversed.
They concatenated the forward- and backward-state as the final result for node classification.
In this study, we build direction-aware GNN layers based on the direction information, i.e.,
forward-GNN and backward-GNN layers, as shown in Figure 4.3. Parameters in GNN layers
such as direction-dependent and trainable parameters are separately exploited according to the
direction.

BiGNN = GNNf(Gf,@f) ® GNN,(Gp, 6p), 4.1.4)

where G denotes lattice, 6. denotes the parameters for GNN layers, and @ denotes concatenation.
f and b represent forward- and backward-direction, respectively. We can also apply variants of
GNNss, such as GAT, to Equation ( 4.1.4).

BiGAT = GAT (G, 05) ® GAT, (G, 0p). (4.1.5)
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Figure 4.3: Examples of direction-aware lattice: forward-lattice (top) and backward-lattice
(bottom).

Multi-criteria Pre-training Method

In this study, we present our multi-criteria pre-training method that is implemented on the BERT
architecture, hereby referred to as MC-BERT. This method is an extension of the approach
proposed by Ke et al. [2021], incorporating our LATTE during the pre-training of MC-BERT.

To begin with, each input sequence is augmented with the special tokens [cLs] and [SEP]
at the start and end, respectively. Following the approach of Ke et al. [2021], we introduce
criterion tokens after the [cLs] token to allows the model to learn both criterion-dependent and
criterion-independent segmentation knowledge from multiple datasets. The criterion tokens
used in this study include criterion-dependent tokens, for example, [cTB6] and [Bccwr]; and
an undefined-criterion token, [unc] token. Notably, the [unc] token was used similarly as in
Ke et al. [2021]. Each input sequence is typically augmented with a criterion-dependent token,
though it is randomly replaced with the undefined-criterion token [unc] at a rate determined by
a hyperparameter, which is set to 10% in this study.

Considering the requirement of multiple corpora for multi-criteria learning, we incorporate
additional accessible corpora as specified in Section 4.2.3. Furthermore, we modify the con-
ventional MC-BERT proposed by Ke et al. [2021] by integrating LATTE as a key component in
the pre-training stage.® This includes the construction of a lattice from training data and the ap-
plication of BiGAT for pre-training representations in MC-BERT. Once pre-trained, MC-BERT
is used to initialize the node representations as detailed in Sections 4.1.1 and 4.1.2, thereby
serving as the encoder depicted in Figure 4.1.

The implementation details can be accessed at https://github.com/tchayintr/latte-ptm-ws
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4.2 Experiments

4.2.1 Datasets

Three datasets in three languages, i.e., Japanese, Chinese, and Thai, were used to evaluate our
model. Table 4.1 shows the statistics of the datasets, including sentences, words, vocabulary,
and characters. (1) BCCWJ:? A Japanese word-segmented corpus that is primarily used in
word segmentation experiments. (2) CTB6:3 A Chinese Treebank corpus that is one of the most
popular benchmark datasets for Chinese word segmentation. (3) BEST2010:° A large-scale
Thai word-segmented corpus in four domains, which include article, encyclopaedia, news, and
novel. While we followed the official data splits for both BCCWJ and CTB6 as in the previous
works [Higashiyama et al., 2019, Huang et al., 2021], we used the same data splits for BEST2010
as Chay-intr et al. [2021].

Dataset Set S| |W| V| |Ch|
Train 514K 12M 393K 1.7M
BCCWIJ Valid 5.7K 130.6K 13.2K 189.1K
Test 3.0K 740K 7.2K 105.8K
Train 244K 678.8K 439K 1.1M
CTB6 Valid 19K 512K 8.8K 83.3K
Test 19K 529K 89K 86.8K
Train 119K 4.0M 729K 16.0M
BEST2010 Valid 149K 501.4K 23.0K 1.9M
Test 149K 5004K 23.0K 1.9M

Table 4.1: Data sizes, in terms of the number of sentences (S); words (W); vocabulary (V); and
characters (Ch), for the BCCWJ, CTB6, and BEST2010 datasets.

4.2.2 External Dictionary and Pre-trained Word Vectors

In building lattices, which are based on vocabulary (characters and words), we supplemented our
datasets with an external dictionary for each language. This ensures a comprehensive vocabulary
coverage. Note that we used only the training data from our datasets. Japanese: UniDic!? and
IPADic!! for MeCab. Chinese: BLCU balanced corpuslz, Train data from SIGHAN?2005, and

"https://clrd.ninjal.ac.jp/bccwij/en
8https://catalog.ldc.upenn.edu/LDC2007T36
“https://thailang.nectec.or.th
1%https://clrd.ninjal.ac. jp/unidic
Mhttps://taku910.github.io/mecab
2http://bee.blcu.edu.cn
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Jieba!3. Thai: HSE Thai Corpus!4 and LEXiTRON!3. Additionally, to initialize robust word
embeddings for the BiLSTM-encoder, we used fastText to generate features for character and
word nodes, and kept these embeddings frozen during the training step.

4.2.3 Pre-training Models

Given the variety of existing Pre-Trained Models (PTMs), we selected PTMs based on their
originality and accessibility. (1) Japanese BERT:'® We selected the character-level Japanese
BERT for the Japanese dataset due to its accessibility and alignment with the character-based
approach. (2) Chinese BERT:!” This PTM has proven effective in various neural network
models on Chinese datasets. Therefore, we included it in our experiment on the Chinese
dataset. Thus, we selected it for use in our experiment on the Chinese dataset. (3) Multilingual
BERT:'® Owing to the lack of a Thai pre-trained model similar to the Japanese and Chinese
models in terms of originality and accessibility, we opted for this PTM for the Thai dataset. All
models are BERT},,5c models.

To construct MC-BERT models for Japanese, Chinese, and Thai, we supplemented our main
datasets, i.e., BCCWJ, CTB6, and BEST2010, with two, six, and four additional accessible
datasets, respectively. Specifically, we used the UD Japanese treebank,'® and Kyoto Univer-
sity Text Corpus? to build the Japanese MC-BERT. For the Chinese MC-BERT, we added
six Chinese datasets, four from SIGHAN2005% (AS, CITYU, MSRA, and PKU), SXU from
SIGHAN2008, and CNC, all obtained from the public repository.?! All traditional Chinese cor-
pora, such as AS and CITYU, were converted into simplified Chinese. For the Thai MC-BERT,
we utilized four Thai datasets, LST20,%> TNHC,?® VISTEC, 2* and WS160. %°

In total, we used three datasets for Japanese, seven for Chinese, and five for Thai in the
construction of the respective MC-BERT models. For accessibility reasons, we performed the
pre-training methods for Chinese MC-BERT on seven datasets instead of nine as in the previous
work [Ke et al., 2021].
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Parameter Value
Character-embedding size 128

BiLSTM layers 2
BiLSTM hidden size 300
Initial learning rate le-3
Dropout rate 0.2
BERT-embedding size 768
BERT learning rate 2e-5
Max sequence length 512
Node-embedding size 300
GAT layers 2
GAT hidden size 300
GAT heads 2
GAT dropout rate 0.2
GAT learning rate le-3

Lattice dropout rate (DyL) 0.2

Table 4.2: Common hyperparameters and BERT hyperparameters for reproduced models and
our proposed model (top and middle); and essential hyperparameters for our proposed model
(bottom).

4.2.4 Hyperparameters

We used the essential hyperparameters for models as shown in Table 4.2. The AdamW optimizer
[Loshchilov and Hutter, 2017] was used to optimize the model parameters. Every model was
trained for 20 epochs. We selected the best model to perform on the test set based on the
validation process by word-level F; evaluation. Because several types of neural networks were
utilized in the proposed method, the initial learning rate was set separately by the neural network
type, that is, 2e-5 for BERT, le-3 for GNN, and le-3 for others. Learning rate decay is also
applied and was set to 0.9.

To select an optimal maximum word length for building nodes in lattice among the datasets
equitably, we reversely adapted the 80/20 rule also known as the Pareto principle.?® We used

Bhttps://github.com/fxsjy/jieba

4http://web-corpora.net/ThaiCorpus

Bhttps://lexitron.nectec.or.th
I6https://huggingface.co/cl-tohoku/bert-base-japanese-char-v2
Thttps://huggingface.co/bert-base-chinese
https://huggingface.co/bert-base-multilingual-cased
https://github.com/UniversalDependencies/UD Japanese-GSD
2Ohttps://github.com/ku-nlp/KyotoCorpus

2l https://github.com/hankcs/multi-criteria-cws
22https://aiat.or.th/Ist20-corpus/

Zhttps://attapol.github.io/tlc
24https://github.com/mrpeerat/OSKut/tree/main/VISTEC-TP-TH-2021
Zhttps://github.com/PyThaiNLP/wisesight-sentiment/tree/master/word-tokenization
https://en.wikipedia.org/wiki/Pareto_principle
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Figure 4.4: Word length and cumulative frequency in BCCWJ, CTB6, and BEST2010. Red
line indicates the cumulative frequency at 80%. Blue dashed line denotes selected maximum
word length hyperparameter.

only words within the optimal maximum word length in relation to the cumulative frequency of
word length at 80% to build nodes. As shown in Figures 4.4(a), 4.4(b), and 4.4(c), we selected
the maximum word length of four, four, and twelve for the Japanese, Chinese, and Thai datasets,
respectively. We set the [unc] token rate as 0.1; practically, 10% of sentences among the corpora
are augmented with the undefined-criterion token rather than the criterion-dependent tokens.
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4.2.5 Compared Models

We evaluated the following models:

* Baselines: Character-based models with different architectures, including BiLSTM-
CREF, BiLSTM-WAVG-CRF [Higashiyama et al., 2019], BERT-CRF, and BERT-MC-CRF
(Multi-criteria BERT).

* LATTE w/ BiLSTM (BiLSTM-BiGAT-CRF): Our proposed model integrating a lattice
attentive encoder with BiLSTM-encoder to generate features.

* LATTE (BERT-MC-BiGAT-CRF): Our proposed model integrating a lattice attentive
encoder and using BERT-encoder, which is fine-tuned by multi-criteria BERT, to extract
features, as shown in Figure 4.1.

* Others: Popular Well-known word-segmentation models [Neubig et al., 2011, Kitagawa
and Komachi, 2018, Qiu et al., 2020, Tian et al., 2020c, Huang et al., 2020b, Maimaiti
et al., 2021, Huang et al., 2021, Tang et al., 2022, Treeratpituk, 2017, Lapjaturapit et al.,
2018, Chormai et al., 2019, Kittinaradorn et al., 2019, Seeha et al., 2020] and state-of-
the-art word-segmentation models [Higashiyama et al., 2019, Ke et al., 2021, Chay-intr
et al., 2021].

4.2.6 Evaluation Metrics

Previous works commonly evaluate models using different evaluation metrics depending on the
language. Word-level-F; score has been used to evaluate recent Japanese word-segmentation
models [Higashiyama et al., 2019]. However, two types of evaluation metrics, word-level-F;
and OOV-recall score, have been used to evaluate models on Chinese word-segmentation [Ke
et al.,, 2021]. Previous works on Thai word-segmentation interchangeably evaluated on the
character-level-F; and word-level-F; [Limkonchotiwat et al., 2021, Chay-intr et al., 2021].

We chose to evaluate all models for our main results by using these three evaluation metrics:
character-level-F; and word-level-F;, and OOV-recall scores. We adopted word-level-F; and
OOV-recall score as in Qiu et al. [2020], and we followed character-level-F; evaluation method
from Limkonchotiwat et al. [2021], Chay-intr et al. [2021].

.. #chargoldB)npred(B)
Precisiony,, = ,
#charpreq(s)
#char, 1d(B d(B
Recall,, = gold(B)Npred(B)
#chargold(B)

Precision,,; X Recall,
Flchar — 2 X char char

Precisiony,, + Recall,,,

where #char represents the number of characters in a sequence. gold(B) and pred(B) denote
gold boundary characters from a dataset and predicted boundary characters from a model,
respectively.
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#wordgoldnpred
Precisionyyq = it Ll S
#wordpred

#wordgoldnpred
Recally,oq = it ol
#wordgold

Precisiony,,q X Recally,oq

Flyoq =2 X —
wor Precision,,,q + Recallyorq

where #word represents the number of words found in a sequence. gold and pred denote a set
of gold words from a dataset and a set of predicted words from a model, respectively.

Recall,,,, represents the recalls for OOV words that exist in inference phrase while not existing
in the training phase.It can be computed as follows:

#wor dpredm(gold\train)

Recall,,, =
#wordgold\ train

2

where pred, train, and gold denote a set of words produced in the inference phase, a set of words
from the Train set, and a set of gold words from a dataset, respectively.
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4.3 Results and Analysis

4.3.1 Main Results

Tables 4.3, 4.4, and 4.5 show comparisons of previous methods, baselines, and our proposed
model, LATTE, on the three datasets: BCCWIJ, CTB6, and BEST2010, respectively. The
results indicate that LATTE outperformed both the baseline models and the previous methods

across all selected evaluation metrics.

Model Fehar (0) Fuord (0) Roov (0)
[Neubig et al., 2011] - 98.2 -
[Kitagawa and Komachi, 2018] - 98.4 -
[Higashiyama et al., 2019] - 98.9 -
BiLSTM-CRF 99.2 (0.005) 98.2 (0.0200) 81.5 (0.060)
BiLSTM-WAVG-CRF 99.3 (0.025) 98.2 (0.005) 70.3 (0.690)
BERT-CRF 99.7 (0.005) 99.3 (0.030) 92.0(0.010)
BERT-MC-CRF 99.7 (0.005) 99.3 (0.015) 91.6 (0.060)
LATTE w/ BiLSTM 99.5 (0.005) 99.0 (0.005) 83.6(0.040)
LATTE 99.8 (0.005) 99.4 (0.005) 92.1 (0.005)

Table 4.3: Comparison of segmentation performance among Others; Baselines; and our pro-
posed model, on BCCW]J dataset. The best score for each metric is indicated in bold. Fq;,
Fyord, and Ry, denote the Char-level-F;, the Word-level-F; and OOV-recall scores, respec-
tively. o represents the population standard deviation. The scores were obtained from the mean
of two runs.
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Model Fehar (00) Fyord (0) Royov (0)
[Qiu et al., 2020] - 97.0 87.0
[Tian et al., 2020a] - 97.4 88.5
[Tian et al., 2020c] - 97.2 88.0
[Huang et al., 2020b] - 97.8 89.4
[Maimaiti et al., 2021] - 97.7 -
[Huang et al., 2021] - 97.8 90.2
[Ke et al., 2021] - 97.9 89.2
[Tang et al., 2022] - 97.8 89.7
BiLSTM-CRF 97.7 (0.005) 94.4 (0.010) 75.5(0.005)
BiLSTM-WAVG-CRF 98.1 (0.005) 95.1 (0.005) 63.3 (0.005)
BERT-CRF 99.2 (0.005) 97.8 (0.035) 89.2 (0.505)
BERT-MC-CRF 99.2 (0.035) 97.9 (0.035) 90.5 (0.120)
LATTE w/BiLSTM 98.4 (0.010) 95.8 (0.000) 78.5(0.050)
LATTE 99.3 (0.005) 98.1 (0.020) 90.6 (0.135)

Table 4.4: Comparison of segmentation performance among Others; Baselines; and our pro-
posed model, on the CTB6 dataset. The best score for each metric is indicated in bold. Fyq;,
Fyord, and Ryoy denote the Char-level-Fy, the Word-level-F; and OOV-recall scores, respec-
tively. o represents the population standard deviation. The scores were obtained from the mean
of two runs.

Model Fehar (00) Fyora (0) Roov (0)
[Treeratpituk, 2017] 97.1 92.5 -
[Lapjaturapit et al., 2018] 98.4 96.2 -
[Chormai et al., 2019] 98.4 96.2 -
[Kittinaradorn et al., 2019] 97.1 93.8 -
[Seeha et al., 2020] 98.8 97.2 -
[Chay-intr et al., 2021] 99.0 97.7 -
BiLSTM-CRF 98.9 (0.005) 97.1(0.020) 57.0(0.020)
BiLSTM-WAVG-CRF 98.9 (0.005) 97.2 (0.005) 57.3(0.003)
BERT-CRF 99.0 (0.005) 97.3 (0.045) 62.7 (0.045)
BERT-MC-CRF 99.0 (0.010) 97.6 (0.005) 66.1 (0.050)
LATTE w/BiLSTM 99.0 (0.005) 97.3(0.015) 62.9 (0.025)
LATTE 99.1 (0.005) 97.7 (0.015) 67.9 (0.035)

Table 4.5: Comparison of segmentation performance among Others; Baselines; and our pro-
posed model, on the BEST2010 dataset. The best score for each metric is indicated in bold.F ¢y,
Fyord, and R,y denote the Char-level-Fy, the Word-level-F; and OOV-recall scores, respectively.
o represents the population standard deviation. The scores were obtained from the mean of two
runs.
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LATTE outperforms Higashiyama et al. [2019] which integrates either the WAVG function or
WCON function to estimate the relationships between a character and its candidate words. While
incorporating the WCON function with the word-segmentation model in Higashiyama et al.
[2019] achieves superior segmentation performance to the WAVG function, which is an average-
based function, it is computationally intensive owing to its concatenation mechanism that
logically consumes more memory and computational time. Although LATTE is incorporated
with the WAVG function only, it outperformed the model that integrates the WCON function.

Comparing our model to a similar lattice-based work [Huang et al., 2021], our method
surpasses it through various approaches to handle, encode, and interact between a character
sequence and a lattice. For BEST2010, Chay-intr et al. [2021] achieved promising segmentation
performance by incorporating multiple attentions from word and character-cluster information,
which is exclusive knowledge for Thai writing system, with a WCON function.

Although LATTE obtained comparable results on word-level-F; with Chay-intr et al. [2021],
our model outperformed it on character-level-F; using WAVG function which requires fewer
computational resources. In addition, while LATTE w/BiLSTM could not surpass BERT-based
models, it outperformed previous works and baselines, particularly the BILSTM-based model,
on three datasets in each evaluation metric.

4.3.2 Segmentation Performance with Additional Datasets

We tested our model when some unseen datasets were not included in pre-training MC-BERT.
The task is to additionally fine-tune MC-BERT with an additional dataset based on its training
set along with a validation set and evaluate the fine-tuned model on the testing set. We
augmented the undefined-criterion token [unc] after the [cLs] token to each sentence, where
the representation of the [unc] token was transferred from MC-BERT. The criterion-dependent
tokens, such as [cTB6], were not used in this test. We conducted this experiment on two datasets:
UDja (Japanese) and UDzi2’ (Chinese). Note that we pulled UDjp from Japanese MC-BERT
pre-training to conduct this test.

UDja UDzy

l:word Roov 1::word Roov
BiLSTM-CRF 96.1 82.1 | 90.7 75.1

Model

BERT-CRF 989 933 | 982 934
BERT-MC-CRF | 99.2 943 | 984 934
LATTE 99.3 951 | 98.5 93.5

Table 4.6: Results of segmentation performance on additional datasets, including UDjp
(Japanese) and UDzy (Chinese).

?Thttps://github.com/UniversalDependencies/UD_Chinese-GSDSimp
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Table 4.6 displays the segmentation performance results for the two additional datasets. As the
results indicate, our proposed model outperformed the BILSTM-CRF, BERT-CRF, and BERT-
MC-CREF baselines on both datasets. The use of MC-BERT contributed to the improvement in
segmentation performance on UDJA and UDZH. Moreover, our proposed model was able to
further enhance segmentation performance when we used LATTE as a component in conjunction
with MC-BERT.

4.3.3 Ablation Study

LATTE achieved superior segmentation performance beyond previous works by integrating
three major components: BIGAT, MC-BERT, and DyL. To analyze the effect of these compo-
nents on our proposed model, we conducted an ablation study. This study was based on LATTE
integrated with the BERT-encoder on three datasets: BCCWJ, CTB6, and BEST2010.

Dataset BiGAT MC-BERT DyL Fyoq
BCCWJ 99.29
99.32
v 99.32
99.36
v v 9935

CTB6 97.80
97.83
v 98.00
97.92
v v 98.07

BEST2010 97.45
97.49

v 97.61
v 97.46

v v 97.69

DN NN
<

ASENENEN
&

AN

Table 4.7: Results of Ablation Study on BCCWJ, CTB6, and BEST2010. MC-BERT denotes
BERT with multi-criteria learning and DyL represents dynamic lattice construction. All models
are the proposed model incorporated with BERT-encoder. 'indicates whether the feature is
incorporated into the word-segmentation model, and the best scores are indicated in bold.

The results from this study, as displayed in Table 4.7, indicate that the integration of Bi-
GAT, MC-BERT, and DyL enhances segmentation performance. However, the application of
MC-BERT to the BCCW]J corpus did not significantly improve segmentation performance as
observed in the case of CTB6 and BEST2010. Interestingly, while the incorporation of BiGAT
consistently improved performance across all datasets, the inclusion of MC-BERT did not sig-
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nificantly improve performance on the BCCW]J corpus to the same extent as on the CTB6 and
BEST2010 corpora. Similarly, while the use of DyL generally enhanced segmentation perfor-
mance, particularly on the BCCWJ and CTB6 datasets, it slightly lessened the performance on
the BEST2010 dataset. This BEST2010 dataset includes longer character sequences than the
other two, which might explain this difference.

4.3.4 Case Study: Segmentation Results

To show whether specific cases from segmentation results?® were improved or worsened by
incorporating LATTE, we conducted a comparison of segmentation results between BERT-
MC-CRF and LATTE. We selected two Chinese test samples from the CTB6 dataset to be
our case study because Chinese word segmentation is the most competitive among the three
languages, i.e., Chinese, Japanese, and Thai.

Figures 4.5 and 4.6 show segmentation results between BERT-MC-CRF and the proposed
LATTE, respectively. Figure 4.5 illustrates a case where LATTE outperforms BERT-MC-CRF
by segmenting “& BT (Provincial Government)” as “& (Provincial) and BT (Government)”
while BERT-MC-CREF preserves the & EUff as it is. By considering a word category (part-of-
speech) of “#& (Provincial)” and “E{if (Government)”, that is, adjective and noun, respectively,
it is the smallest piece of words that can be divided, where the word category is still preserved.
This indicates a tendency towards less ambiguity in terms of word units by segmenting them
correctly into small units. In case both words are combined into a noun phrase that produces
from BERT-MC-CREF, it gathers more complex structures.

However, Figure 4.6 shows other results where LATTE could not outperform BERT-MC-
CRF by segmenting “f& AL & & (crisis-ridden)” as “f&#/l (crisis)” and “EE & (ridden)” while
BERT-MC-CREF preserves “f& 1/l E i (crisis-ridden)” as it is. “f&#/1 B & (crisis-ridden)” is
a Chinese idiom, where its character sequence is fixed to present certain meanings with more
complex structures. Regardless of the idiom structures, it is also legitimate to segment “f&
M1 2 B (crisis-ridden)” into “f& L (crisis)” and “BE # (ridden)” because both words contain
meanings by themselves. Therefore, although LATTE could not recognize the idiom, it could
produce results according to the meanings. This suggests that, while LATTE excels in certain
areas, there may be room for improvement in its handling of idiomatic language.

28 A collection of segmentation results are publicly available at https://github.com/tchayintr/latte-ws
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Reference h Bt A BUR R CRIFIR JREE R TR A T 4 A B TR

BERT-MC-CRF ittt , HHUMN K I G Ak TR 7 A T 4 S Pt TR .

LATTE A, BUN R CRIFT REE PR TR AN T A da Bt TR .
R, BB CRIHREIT A TR AT A E AP TR

“For this reason, the provincial government incorporated

the “Longkai River Treatment and Development Project”

into the provincial key flood control project.”

Figure 4.5: Examples of segmentation results between BERT-MC-CRF and LATTE on the
CTB6 dataset. Ground-truth segmentation result is indicated as ‘“Reference” and incorrect
segmentation results are in red. While LATTE completely segments the correct results, BERT-
MC-CREF produces incorrect results.

Reference MBS R O BUR E — H BT, GHLEE .

BERT-MC-CRF M i} & , Ko 25 & — H 277, GhlEE .

LATTE M ARE R WM B R 6 — H T, Gl i .
MIRESE, BOMBURTG—H %7, fGHLEE,

“Since then, the political situation in Europe has never been peaceful,

and there are crisis-ridden”

Figure 4.6: Examples of segmentation results between BERT-MC-CRF and LATTE on the
CTB6 dataset. Ground-truth segmentation result is indicated as ‘“Reference” and incorrect
segmentation results are in red. While LATTE produces incorrect results, BERT-MC-CRF
completely segments the correct results.

Additionally, we selected segmentation results from BCCWJ and BEST2010 to illustrate the
cases where LATTE outperformed BERT-MC-CREF as shown in Figures 4.7 and 4.8.

In terms of meaning, the segmentation results from BCCW] are not significantly different.
The major difference between the performance of BERT-MC-CRF and LATTE lies in how they
handle the connection between the character “#5” and “&”. LATTE produced the segmentation
result where “%” and ““&” are combined as “#& & (dress up)”’, which forms the verb “& - 3 (to
dress)” by considering the word category. BERT-MC-CRF segmented the sentence differently,
by combining “#&” with “i5” into “f7 /& rather than forming the verb “& ¥ % (to dress)”.
This leaves “” by itself, which is grammatically incorrect and does not convey the intended
meaning of the verb “& & % (to dress)”, resulting in a grammatically incorrect sentence.
Although both BERT-MC-CRF and LATTE separately segmented “35”, which is an honorific
prefix, from “ (old)”, the overall meaning is not changed. Although both BERT-MC-CRF
and LATTE segmented the honorific prefix “33” separately from “ (0ld)”, this did not change
the overall meaning of the phrase. However, this results in a less natural expression, as the
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honorific “3” and the character “f” are not commonly separated when referring to second-
hand clothes in Japanese. However, the segmentation results from BEST2010 could represent
two different meanings. LATTE was able to accurately segment the sentence, preserving its
original meaning, while the segmentation result from BERT-MC-CREF yielded a sentence with
a completely different meaning Ultimately, LATTE significantly outperformed BERT-MC-CRF
based on this sample.

e

Reference 2~ B RS I b EY T HIW T8 )
BERT-MC-CRF Zz~\., B AL 712 HE F THN T2 B~1)

LATTE Za~0 . HEBES Az B i BY THW TS B~

Za~0, BERs e EEY THEINT S8~

“Come on, if you're a parent, don’t dress your kids

in hand-me-downs to save money!!”

Figure 4.7: Examples of segmentation results between BERT-MC-CRF and LATTE on the
BCCW]I dataset. Ground-truth segmentation result is indicated as “Reference” and incorrect
segmentation results are in red. LATTE segments better results than BERT-MC-CREF.

S A = 1 d' d’ = %
Reference Hilo Yszdia n1 91 0w 9 Tu na Ao AU
BERT-MC-CRF e Uszaian 319 8w 9 lu a1 @en nu
LATTE Hije Uszaia a1 7 ou o Tu a1a @ed A

A =) 1 ti'd' =) QJ
Ailedszalnnnoug lunia@elny
“The level of craftsmanship is more refined than
that found in other areas within the same region.”

Figure 4.8: Examples of segmentation results between BERT-MC-CRF and LATTE on the
BEST2010 dataset. Ground-truth segmentation result is indicated as “Reference” and incorrect
segmentation results are in red. While LATTE completely segments the correct results, BERT-
MC-CREF produces incorrect results.

In summary, the comparative analysis of segmentation results between BERT-MC-CRF
and LATTE demonstrates that the incorporation of LATTE leads to improvements in the
segmentation process, especially in terms of preserving word categories and handling character
connections. However, challenges remain when dealing with idiomatic language, indicating
potential areas for future model enhancements. Despite these challenges, the examples clearly
demonstrate the significant performance improvements achieved by LATTE over BERT-MC-
CREF across different language datasets.
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4.4 Conclusion for this Chapter

In this chapter, we proposed Lattice ATTentive Encoding (LATTE), a method that uses lat-
tices to leverage potential segmentation alternatives based on multi-granularity linguistic units,
including character and word units for character-based word segmentation. LATTE build a
lattice based on character and word units. The representations of these units were initialized
and encoded with PTM BERT and GNN:s, respectively. Thereafter, we incorporated an at-
tention mechanism to attentively extract multi-granularity representations from the lattice to
complement the character representations.

According to our experimental results, it showed that LATTE improved segmentation perfor-
mance on three well-known datasets, including BCCWJ, CTB6, and BEST2010. We conducted
various analyses, such as examining segmentation performance with additional datasets, con-
ducting an ablation study, and inferring segmentation results, to validate the effectiveness of
our model. Our analysis consistently affirmed the superiority of LATTE over previous works.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Character-based word segmentation has been successfully applied to Asian languages, includ-
ing Japanese, Chinese, and Thai, by using a character unit as the fundamental information
source. However, the character unit may lack inherent meaning compared to larger linguistic
units such as CC, subword, and word units, leading to segmentation ambiguity in a character
sequence. Although either subword or word unit has been incorporated into character-based
word segmentation through various methods, the full potential of jointly using multi-granularity
linguistic units to handle possible segmentation alternatives remains a challenge.

We conducted a study exploring utilizing a broader range of multi-granularity linguistic
units and properly leveraging a set of potential segmentation alternatives based on these units
to improve character-based word segmentation. In the first aspect, we presented a method
for jointly utilizing multi-granularity linguistic units, including CCs, subwords, and words, in
addition to a character sequence, particularly for the Thai language. Our approach employs
attention mechanisms at each granularity level to establish relationships between character
representations and multi-granularity units. This information is then utilized to compute context
features to enrich the character representations.

Our experiments demonstrated that by utilizing multi-granularity units with multiple attention
mechanisms, our method outperforms previous work in Thai word segmentation on three
benchmark datasets: BEST2010, TNHC, and VISTEC. Furthermore, our case study highlights
the advantages of using CCs with an attention mechanism in our model over subwords, evidenced
improved segmentation performance and better adherence to the Thai writing system rules.
These improvements were observed when comparing our results to the actual segmentation
outputs from previous work.

Regarding the second aspect, we proposed Lattice AT Tentive Encoding (LATTE), a method to
leverage possible segmentation alternatives based on multi-granularity linguistic units through
the lattice for generating context features to complement the representation of characters.
LATTE uses a multi-path lattice to handle possible segmentation alternatives based on character
and word units. The representations of these units are then initialized and encoded with the
PTM BERT and GNNs, respectively. Subsequently, we employed an attention mechanism to
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attentively extract multi-granularity representations from the lattice to estimate a context feature
between the representation of each character and its corresponding character- and word-node
features. The context features are then used to complement character representations through a
concatenation operation.

Our method demonstrated an improvement in segmentation performance by outperforming
previous work on the BCCWJ, CTB6, and BEST2010 datasets in Japanese, Chinese, and Thai,
respectively. In addition, we conducted various analyses, including segmentation performance
with additional datasets, ablation study, and inference of segmentation results, to verify the
effectiveness of our model. Our analysis consistently demonstrated the superiority of LATTE
over previous work.

5.2 Future Work

Regarding the first aspect, while our study advances segmentation performance, using multi-
granularity linguistic units with attention mechanisms and concatenation operations increases
computational demands and time complexity. Combining these multiple attentions into a single
attention mechanism could alleviate this limitation. Moreover, we have explored the potential
of using these linguistic units specifically for the Thai language, due to its existing broader
range of linguistic units, including CCs, subwords, and words. In cases where other linguistic
units can be extracted from Japanese and Chinese languages, the utilization of these units with
our approach may lead to an improvement in segmentation performance. Additionally, we used
multilingual BERT for its accessibility and Thai language effectiveness. However, creating
new pre-trained models (PTMs) for fine-tuning our method is a potential area for future work,
considering time complexity implications.

Regarding Lattice AT Tentive Encoding (LATTE), our current model uses only characters and
words. The integration of such linguistic units in future research could potentially lead to further
improvements in segmentation performance. In addition, because we evaluated our LATTE on
several languages, applying it to other languages could further emphasize our contributions,
especially if it successfully outperforms other methods in these languages.
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Appendix A

Upper-bound Score Test

We made a hypothesis that segmentation results produced from a model may not be the best
results, although, it generalizes the model to minimize the segmentation errors. The test is
performed by training a character-based BiLSTM-CRF model to predict a label sequence y for
each input sequence up to r segmentation results, i.e. Y = {§!,$%,...,9"}, where Y denotes a
set of label sequences §, and r = {1, 2,4, 8, 16}. CRF layer is used along with Viterbi algorithm
to produce top-r segmentation results.

To evaluate segmentation performance in this test, we aggregated scores, including Character-
level-F; score and OOV-recall score, according to the best segmentation result that yields the
highest score among the top-r results. For example, in case of r=8, top-8 possible segmented

sentences Y = {§', $2,..., "}, for a sentence will be produced from the model. Subsequently,
each segmentation result ' € {$', $2, ..., $8} will be evaluated with the reference sentence y,

the highest scores from among the top-eight sentences will be used to aggregate the scores.
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Dataset r Fchar
BCCWIJ 1 99.2
2 99.5(+0.3)
4  99.7 (+0.5)
8 99.8 (+0.6)
16 99.8 (+0.6)
CTB6 1 97.8
2 98.3 (+0.5)
4 98.7(+0.9)
8 98.9 (+1.1)
16 99.1 (+1.3)
BEST2010 1 98.9
2 99.2 (+0.3)
4 994 (+0.5)
8 99.5(+0.6)

16 99.6 (+0.7)

Table A.1: Comparison of segmentation performance in upper-bound score test on the basis
of Character-based BiLSTM architecture (Baseline). The scores are aggregated from the best
results in top-r segmentation results. The numbers in round brackets represent the different
from the model where r=1.

Table A.1 shows a comparison of top-r segmentation performance. The results show the
same tendency on three datasets, i.e., segmentation performance of the model depends on the
increase of r. By comparing with the segmentation performance from top-r segmentation
results, where r >1, it simply demonstrates that the best results (r=1) is not the truly best
segmentation results. In addition, however, the model, where r=1, implicitly and generally
considers such top-r information in principle to produce the results. On the other hand, by
increasing the r value to produce more segmentation results from the model to be used for the
evaluation, it could obtain superior segmentation performance. These accordingly indicates that
in case of top-r information is handled explicitly and properly, it could lead to the improvement
of segmentation performance.
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