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LATTE: Lattice ATTentive Encoding for Character-based
Word Segmentation

Thodsaporn Chay-intr, Hidetaka Kamigaitot, Kotaro Funakoshit't and
Manabu Okumuraftf

A character sequence comprises at least one or more segmentation alternatives. This
can be considered segmentation ambiguity and may weaken segmentation performance
in word segmentation. Proper handling of such ambiguity lessens ambiguous deci-
sions on word boundaries. Previous works have achieved remarkable segmentation
performance and alleviated the ambiguity problem by incorporating the lattice, ow-
ing to its ability to capture segmentation alternatives, along with graph-based and
pre-trained models. However, multiple granularity information, including character
and word, in a lattice that encodes with such models may not be attentively ex-
ploited. To strengthen multi-granularity representations in a lattice, we propose the
Lattice ATTentive Encoding (LATTE) method for character-based word segmen-
tation. Our model employs the lattice structure to handle segmentation alternatives
and utilizes graph neural networks along with an attention mechanism to attentively
extract multi-granularity representation from the lattice for complementing character
representations. Our experimental results demonstrated improvements in segmenta-
tion performance on the BCCWJ, CTB6, and BEST2010 datasets in three languages,
particularly Japanese, Chinese, and Thai.
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1 Introduction

Word segmentation is a fundamental task for an understanding of natural language. The task
is to determine word boundaries from a running text; in other words, it segments a character
sequence into word units. Inadequate segmentation causes error propagation in consequential
tasks, such as Named Entity Recognition (NER), part-of-speech (POS) tagging, and parsing
(Qian and Liu 2012; Zhang and Yang 2018). This indicates the priority of word information.

Although a word unit is the most natural concept for word segmentation, word-based models

suffer from significant issues such as ambiguity, data sparsity, and out-of-vocabulary (OOV) (Li
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et al. 2019). Unlike word-based models, character-based models, which use a character unit as an
essential feature, may mitigate these obstacles because word-internal structures are more focused,
having a stronger word-induction ability, particularly for the induction of new words (Sun 2010).
Character-based word segmentation can be categorized as a sequential labelling task. It aims
to assign a word-boundary label to each character from a character sequence into a fine-grained
tagging scheme, such as beginning, middle, end, and singleton (BMES), as shown in Figure 1.}
Recent studies on Asian languages, including Japanese, Chinese, and Thai, have strongly relied
on this character-based model (Higashiyama et al. 2019; Ke et al. 2021; Seeha et al. 2020).
Naturally, a character sequence consists of at least one segmentation alternative (Dyer et al.
2008). This ambiguity is considered a problem in word segmentation. Previous studies have
successfully incorporated various types of linguistic units such as words and subwords (Sennrich
et al. 2016), on top of the character sequence to alleviate the ambiguity problem (Higashiyama
et al. 2019; Yang et al. 2019; Tian et al. 2020a; Chay-intr et al. 2021). In particular, Higashiyama
et al. (2019), Tian et al. (2020a) applied the attention mechanism (Bahdanau et al. 2015) to
extract context features associated with a character and its corresponding knowledge, including

words and syntactic structures. These approaches are primarily based on a recurrent neural
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“There are three meanings.”

Figure 1 Word segmentation as a sequence-labeling task for Japanese (top), Chinese (middle), and

Thai (bottom), respectively, on BMES tagging scheme.

1 We used MeCab (https://taku910.github.io/mecab), Jieaba (https://github.com/fxsjy/jieba), and Deep-
cut (https://github.com/rkcosmos/deepcut) to produce segmentation results for Japanese, Chinese, and
Thai, respectively.
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network (RNN) architecture that handles character sequences consecutively; however, linguistics
is not rigidly sequential (Shen et al. 2018). Consequently, segmentation alternatives that can be
produced from character sequences based on such linguistic units are not implicitly exploited.

Lattice, a graph-based representation, is employed to capture an arbitrary number of segmen-
tation alternatives? as shown in Figure 2; in particular, they represent ambiguous decisions on
word boundaries in a multi-path lattice (Dyer et al. 2008).

Various types of neural network models, such as RNN-, Transformer-, and graph-models,
have been successfully applied along with lattice structure in downstream tasks besides word
segmentation, including NER, Machine Reading Comprehension (MRC), and text classification
(Zhang and Yang 2018; Gui et al. 2019; Li et al. 2020; Lai et al. 2021).

However, using pre-trained models (PTMs) with diverse methods to fine-tune word segmenta-
tion may significantly advance segmentation performance owing to their ability to provide prior
knowledge (He et al. 2017; Seeha et al. 2020; Ke et al. 2021; Maimaiti et al. 2021), particularly
Ke et al. (2021) that introduces multi-criteria pre-training with meta-learning (Chen et al. 2017;
Finn et al. 2017) to minimize discrepancies in pre-training tasks. However, the performance of
PTMs in fine-tuning word segmentation is limited by the scale and quality of the annotated
corpus (Huang et al. 2021). Moreover, multi-grained linguistic units, such as unseen character

combinations and ambiguous contextual information from segmentation alternatives, may not be
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Figure 2 Examples of lattice structures: single-path lattice (top) and multi-path lattice (bottom),

where = represents a character. s and e indicate initial and ending states, respectively.
While the single-path lattice merely represents a character sequence x¢.3, the multi-path
lattice additionally includes a group of possible character sequences (words), that is, ziz2
and z2x3 on top of the character sequence.

2 In sequential labelling tasks, for example, word segmentation and NER, a node is conventionally used to
represent either character or word information, and an edge is used to represent a transition between nodes.
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effectively exploited in fine-tuning methods.

To handle such information from segmentation alternatives, graph neural networks (GNNs)
are exploited for their ability to preserve relational and global structure information in a graph
(Yao et al. 2018). They have been utilized to encode fine-grained lattice with additional multi-
level linguistic features, including word-boundary nodes, n-grams, and dependency syntactic trees
(Huang et al. 2021; Tang et al. 2022). Although their works performed well in segmentation, they
exhibited similar results to Huang, Cheng et al. (2020), Ke et al. (2021). These empirical ap-
proaches rely on pre-training methods and almost a dozen datasets, likely owing to discrepancies
between lattice and dataset segmentation alternatives. It indicates that an exponential number
of segmentation alternatives in lattice encoded with GNN must be handled attentively.

In this study, we propose Lattice AT Tentive Encoding (LATTE), a method to strengthen
multi-granularity knowledge in the lattice that captures an exponential number of segmentation
alternatives® for character-based word segmentation. In practice, we utilize lattice to capture seg-
mentation alternatives from a character sequence and apply GNN simultaneously with the PTM
BERT (Devlin et al. 2019) and an attention mechanism to enable neural models to attentively
extract contextual features from lattice for complementing character representations.

After empirically conducting experiments towards extracting essential representations from
the use of lattice, we can state our contributions as follows.

e We proposed a method to strengthen multi-granularity representations, including charac-
ter and word, in lattice that captures an exponential number of segmentation alternatives
for complementing character representations with an attention mechanism.

e Incorporating the bidirectional graph attention network (BiGAT) and attention mecha-
nism into lattice, discrepancy in an arbitrary of segmentation alternatives captured in the
lattice tends to decrease, leading to an improvement in the segmentation performance.

e FExperimental results demonstrate that our model outperforms previous models on three
datasets in three languages and yields superior performance compared with baseline meth-
ods in our analysis.

e Our code is publicly available.*

3 We have conducted a preliminary experiment in Appendix A to verify the benefits of using segmentation
alternatives. Our experiment indicates that applying several segmentation alternatives in word segmentation
is useful.

4 nttps://github.com/tchayintr/latte-ws
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2 Related Work

In this section, we present an overview of prior studies analyzing sequence labeling tasks, with

a special focus on word segmentation.

2.1 Lattice in Sequence Labelling Tasks

Lattice has been successfully incorporated in sequence labelling tasks such as word segmen-
tation and NER owing to its ability to capture sequential paths. Different types of linguistic
knowledge such as character, word, and subword, have been employed as a feature unit in lattice.
Zhang and Yang (2018) proposed the Lattice LSTM for Chinese NER and obtained superior
performance over character-based and word-based models by incorporating lattices to control
information flow, including characters and words, from the beginning of the sentence to the end.
Yang et al. (2019) successfully incorporated a subword unit into lattice for Chinese NER atop a
character representation, using a model similar to that of Zhang and Yang (2018).

Li et al. (2020) introduced FLAT, a transformer-based model for Chinese NER that applies
word-character lattice and its position information as a flat structure. Their model exhibited good
performance and efficiency. As with various abilities of PTMs, lattice has also been employed
with coarse-granularity knowledge for pre-training a model (Lai et al. 2021). Their approach
yielded satisfying performance on essential downstream tasks such as text classification, MRC,

and sequence labeling.

2.2 Graph Neural Networks in Word Segmentation

Recently, GNNs have been explored and applied along with graph structures for tasks down-
stream of natural language processing (NLP). Various GNN architectures have been proposed
to address particular problems, such as graph convolutional network (GCN) (Kipf and Welling
2016), graph attention network (GAT) (Velickovié et al. 2017), and heterogeneous graph attention
network (HAN) (Wang et al. 2019).

To the best of our knowledge, only Huang et al. (2021), Tang et al. (2022) utilize GNN in word
segmentation; however, most of the related studies focused on sequential labeling, particularly
NER. Huang et al. (2021) used GCN to aggregate word-character node along with its additional
nodes, i.e., boundary-label node. Their work achieved high segmentation performance and allevi-
ated the problem of insufficient training by the small-scale annotated corpus. Tang et al. (2022)
achieved excellent results by proposing HGNSeg, a framework that employs multi-level features
including character, word, n-grams, and dependency syntactic tree, using a heterogeneous graph

neural network (HGNN).

460



Chay-intr et al. LATTE: Lattice ATTentive Encoding for Character-based Word Segmentation

2.3 Multi-Criteria Word Segmentation
A PTM is generally built on large-scale corpora, for example, SIGHAN2005° that include sev-

eral corpora, to acquire prior knowledge. However, these corpora are individually annotated in
different segmentation criteria, that is, they exhibit multi-criteria segmentation. He et al. (2017)
proposed a simple model that benefits from multi-criteria segmentation across multiple corpora
by adding an artificial token at the start and end of a sentence to specify the target corpus — a
corpus-name token. Although their method is remarkably simple, it yielded good segmentation
performance. Therefore, recent state-of-the-art word segmentation research adapted this mecha-
nism with empirical methods to boost the segmentation performance (Huang, Cheng et al. 2020;

Huang, Huang et al. 2020; Ke et al. 2021).

2.4 Attention Mechanism in Word Segmentation

An attention mechanism (Bahdanau et al. 2015) has been demonstrated to be effective for
incorporating knowledge in word segmentation (Tian et al. 2020a). It computes an importance
score between source and target information, particularly in character-based word segmentation,
which produces context features correlated with a character and its corresponding knowledge.

Higashiyama et al. (2019) proposed two attention-based composition functions: weighted av-
erage (WAVG) and weighted concatenation (WCON). These allow a model to alternate focus
between a character and its candidate words. Both functions summarize a relationship between a
character with its candidate words as a summary vector. Their work achieved state-of-the-art per-
formance in BCCWJ, a well-known Japanese dataset, using the WCON function, which requires
more computational resources than WAVG. Tian et al. (2020a) proposed two-way attentions for
joint Chinese word segmentation (CWS) and POS tagging that integrates two different linguistic
information, including context features and linguistic knowledge, separately, for complementing
a character representation. Tian et al. (2020b) introduced a framework to properly incorporate
wordhood information built from n-grams using memory networks; it also exploits the attention
mechanism using several popular encoder-decoder combinations. These approaches, i.e., Tian

et al. (2020a) and Tian et al. (2020b) performed well for numerous Chinese datasets.

3 Approach

In this section, we provide an overview of our LATTE framework and then discuss it in detail.

5 nttp://sighan.cs.uchicago.edu/bakeof£2005
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Figure 3 Proposed model integrating lattice and GNN into character-based word segmentation model.

Given a sentence s with n characters, that is, a character sequence x1., = (z1,22,...,2,), the
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 3, utilizes either BILSTM- or BERT-encoder to obtain a con-
textualized character representation h; for each character in a character sequence. Consequently,
we construct lattice G that includes nodes v built from possible words based on the character
sequence along with their edges. Subsequently, we encode lattice G to obtain a multi-grained
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 vec-
tor. 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.
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3.1 Character Encoding

We employ either BiLSTM (Hochreiter and Schmidhuber 1997; Gers et al. 2000) or BERT
(Devlin et al. 2019), to transform a character sequence into contextualized character vectors.
BiLSTM: The character sequence z1., is transformed into character embeddings ef., of d.-
dimensional feature vector. The character embedding matrix is defined as E, € RIVOCelxde where
VOC, denotes the character vocabulary. 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 ef.,,.

A current contextualized character vector hﬁ of the I*" BiLSTM layer can be computed bidi-

rectionally as follows:
h! = BiLSTM(h!}}, i)
= LSTM;(h!7}, i) (1)

& LSTM,(h.} n —i+1),

where hY,, = 5., 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 x1.,, special tokens, namely the [CLS] and [SEP] to-
kens, are augmented at the beginning xy and end x,,41 of the character sequence, respectively.
The character sequence that includes the special tokens ., +1 is converted into a one-hot repre-
sentation of characters ug.,,4-1. Subsequently, the one-hot representation of characters ug., 11 are
transformed into contextualized character vectors hg.,+1 of dggrr-dimensional feature vector.

A current contextualized character vector h; can be computed as follows:

hi = Transformer(hé_1)7 (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 positional encoding at the i" index.
u; is one-hot representation of the i*" character. The BERT-embedding matrix is determined as
RIVOCsERT*dBERT Where VOCprT denotes the vocabulary in BERT. Notably, a character x can
become [UNK] token assuming that the character does not exist in BERT vocabulary because the
one-hot representation u; of the i*" character is obtained from the BERT-embedding layer.

In addition, the summation of the last four layers is used to acquire the contextualized char-

acter vector h; as in Yang (2019).
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3.2 Lattice Attentive Encoding

We introduce the lattice attentive encoding method to attentively acquire multi-grained
knowledge representations from an arbitrary number of segmentation alternatives, that is, lat-
tice.6

Let G = (V,E) where G is a directed acyclic graph (DAG) for a character sequence 1.y,
V = {v1,...,vv|} is the set of vertices or nodes, and E C {V x V'} is the set of edges. Possible
words and characters are searched based on the character sequence x1.,, to build nodes vy.,, =V,
where m is the number of nodes (characters and words found) for lattice G. Each node preserves
a character sequence within length k. Lattice G consists of nodes corresponding to a character
or word w of length 1 < |w| < k and edges between nodes of adjacent characters/words in the
sentence (the character sequence). We introduce approaches based on either BiLSTM-encoder
or BERT-encoder to encode lattice G by initializing feature vectors for lattice nodes, that is,

character-node V¢, word-node V', and special-node V?.

Ve= {’Uj < VH’U]|: 1 /\’Uj ¢ S},
VY = {’Uj S VH’U]|> 1 /\’Uj ¢ S},
VE= {Uj € V"Uj € S},

where |vj| represents the length of characters in the jt" node. S denotes the set of special tokens,
that is, [CLS], [SEP], [BOS], [EOS], and [UNK].

BiLSTM: Character-feature vectors v¢ of the character-node V¢ are initialized by the contextu-
alized character vectors hy., from the BiLSTM encoder in Equation (1). Word-feature vectors v*
of the word-node V* are initially generated from word embeddings ey, of the d,-dimensional
feature vector. The word embedding matrix is defined as F,, € RIVOCuIxdu where VOC,, denotes
the word vocabulary. In addition, special nodes V?, that is the [BOs] and [EOS] nodes, are used
to specify the beginning and end of the sentence, respectively. These special-node features are
obtained from the word embeddings matrix FE,,.

BERT: Character-feature vectors v¢ of the character-node V¢ are initialized by the contextu-
alized character vectors hy., from the BERT encoder in Equations (2) and (3). Word-feature
vectors v¥ of the word-node V% are individually augmented with two special tokens, the [CLS]
and [SEP] tokens, that are placed in the front and the back of each word-node, respectively.
Consequently, the augmented word nodes are individually encoded using the BERT-encoder, i.e.,

Equations (2) and (3), to obtain contextualized node representations v/ = v{.,,,,, where {v¢,

6 Please refer to Section 3.4.1 for implementation details concerning lattice construction.
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v%} € v'. As for special nodes V* in lattice G, [CLS] and [SEP], are used to initialize the start and
end nodes for BERT, respectively. These approaches eventually transform lattice G into lattice
G’, where G' = (v/, E). Notably, a single-character word is treated similarly to a character in
building a lattice and obtaining its representation from either BiLSTM or BERT.

Lattice G’ is encoded by GAT to acquire multi-grained contextualized node representations

g=81m-

g = GAT (G',6¢),

where 0 denotes parameters of GAT such as the number of GAT layers and the number of
attention heads, among others. The multi-grained contextualized node representation g;.,, can
be obtained from GAT” by estimating the importance score ug-k of node k to node j and their

attention weight o, as follows:

N, D),
exp(LeakyReLU(u?k))
%= o, exp(LeakyReLU (i)’

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,® respectively.
Finally, the multi-head attention is employed to compute the multi-grained contextualized node

representations g;-
Q
Z 2 W)
q=1ke€0;

where g; € R%, dg is a hyperparameter, ) indicates the number of attention-head, and o
represents a nonlinear transformation, i.e., LeakyReLU.

To attentively project a proper representation out of multi-grained contextualized node rep-
resentation 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 representa-
tion and its corresponding nodes by estimating a lattice-attention summary vector a;. Specifically,
a contextualized character representation h; originated from a character x; corresponding to ei-

ther the hidden vector of the final BILSTM or BERT layer, are involved with a set of nodes that

7 We used a bidirectional variant of GAT (BiGAT) as described in Section 3.4.2 (Equation (5)) to obtain the
multi-grained contextualized node representations g.

8 When BiGAT is used if (v;,v;) € E and (vj,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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includes the character z; in lattice G’. First, based on the contextualized character vector h;
and its corresponding multi-grained contextualized node representations g;.,,, in lattice G’, the

node-importance score ug; and lattice-attention weight o are estimated accordingly.

a _ 1.7
ui; =h; Wag,,

al — 5ij exp(uij)
Y 221:1 dik exp(uik) ’

where W, € R%*4s denotes a trainable weight matrix and 6;; € {0, 1} indicates whether character

x; is included in node v;. The lattice-attention summary vector a; for character z; can be

calculated as follows:
a; = WAVG((E“ {vj};'nzl): Z a?jgjv
j=1

where {v;} is a node in lattice G’ and a; € R%. Finally, a multi-grained 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; € Rtds,

3.3 Inference Layer

Projection layers are used to transform the multi-grained contextualized character vectors
into a vector s; € RI71. 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 = x1., by measuring the
correlations between adjacent labels as in previous studies (Higashiyama et al. 2019; Chay-intr
et al. 2021). Let A € RI7IXITl be a transition matrix for correlations between adjacent labels,
where T denotes a set of all possible label sequences, for instance, 7 = {B,M, E,S}. The ‘"
multi-grained contextualized character vector z; can be transformed into an un-normalized label

score s; € RITI as follows:
si = Wsz; + bsy

where W, € RITI%(detds) ig 5 trainable parameter matrix, and b, € RI7! denotes a trainable bias

vector.
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Given the input sequence x1.,, the corresponding scores for the label sequence ¥;., can be

obtained as follows:

n

score(x,y) = Z(Ayi—hyi + Si[yi])’

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)

P =
(y|z) S o score(z, 77)’

To obtain the optimal label sequence y*, we adopt the Viterbi algorithm to maximize the sentence
score:
y* = argmax score(z,y).
yern
Finally, we adopt the negative log-likelihood as our loss function and minimize it by backpropa-

gation during the training process:

L(z,y) = —log P(y|r).

3.4 Implementation Details
3.4.1 Lattice Construction

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. We constructed a word-
character-lattice to comprehensively handle segmentation alternatives, leveraging character
knowledge as a foundation for character-based word segmentation. We built a lattice using
all possible combinations according to a character sequence from training vocabulary, including
the training set and external dictionary. Special nodes, including start node (s), ending node (e),
and dataset node? (criterion token), are also included in the lattice. [CLS] and [SEP] are used as
the start and end nodes, respectively, for the BERT encoder while [BOs] and [EOS]| are used as the
start and end nodes, respectively, for the BiILSTM encoder. The Aho—Corasick algorithm (Aho
and Corasick 1975) is applied to obtain the substrings of the character sequence while reducing
the time complexity in lattice construction to linear time complexity.

Furthermore, we introduce dynamic-lattice construction (DyL) by adapting concepts from

Bagging, i.e., bootstrap aggregating (Breiman 1994) and Dropout (Srivastava et al. 2014) to

9 Dataset node represents a feature for multi-criteria pre-training method as described in Section 3.4.3.
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“He is Japanese.”

Figure 4 Examples of lattice formation: character-lattice (top), word-lattice (middle), and word-
character-lattice (bottom), that can be built for our model.

minimize generalization error and overfitting. Edges in the lattice are randomly deleted during
the training step. This means the lattice for each epoch in relation to the same character sequence

can be different.

3.4.2 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 5. Parameters in GNN layers such as direction-

dependent and trainable parameters are separately exploited according to the direction.
BiGNN = GJ\INJC(G'JI7 Hf) D GNNb(Gb, (9(,), (4)

where G denotes lattice, 6. denotes the parameters for GNN layers, and & denotes concatenation.

f and b represent forward- and backward-direction, respectively. A variant of GNNs such as GAT

468



Chay-intr et al. LATTE: Lattice ATTentive Encoding for Character-based Word Segmentation

Figure 5 Examples of direction-aware lattice, including forward-lattice (top) and backward-lattice
(bottom).

can also be applied to Equation (4).

BiGAT = GATf(Gf, 9f) S5 GATb(Gb, Gb) (5)

3.4.3 Multi-criteria Pre-training Method

The special tokens [CLS] and [SEP] are augmented at the beginning and end of each input
sequence, respectively. We adopted a multi-criteria pre-training method from Ke et al. (2021) by
adding criterion tokens after the [CLs] token to allow a model in learning criterion-dependent and
criterion-independent segmentation knowledge among corpora. The criterion tokens, including
criterion-dependent tokens such as [CTB6] and [BccwiJ], and an undefined-criterion token, that
is, [UNC] token, were used in this study. Notably, the [UNC] token was used similarly as in Ke
et al. (2021). Each input sequence is augmented with the criterion-dependent token; however, it
is randomly replaced with the undefined-criterion token based on a hyperparameter.

We performed the multi-criteria pre-training method on BERT architecture, namely MC-
BERT. Because the multi-criteria learning method requires more than one corpus, we addition-
ally included accessible corpora to produce MC-BERT. Moreover, we also applied our proposed

method, that is, LATTE, as a component.!?

10 We modified the MC-BERT pre-training method from Ke et al. (2021) by including LATTE (building lattice
from training data and applying BiGAT to pre-train representations in MC-BERT) as a component. We re-
leased our implementation at https://github.com/tchayintr/latte-ptm-ws in pre-training MC-BERT rather
than pre-training conventional MC-BERT proposed by Ke et al. (2021) to pre-train MC-BERT.
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4 Experiment

4.1 Experimental Settings
4.1.1 Dataset

Three datasets in three languages, i.e., Japanese, Chinese, and Thai, were used to evaluate our
model. Table 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:'? A Chinese Treebank corpus that is one of the most
popular benchmark datasets for Chinese word segmentation. (3) BEST2010:!3 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).

4.1.2 External Dictionary and Pre-trained Word Vectors
Because lattice is built on the basis of vocabulary (characters and words), to enable the cov-
erage of vocabulary in building lattice, we also included an external dictionary on top of the

datasets, where only the training data was used, for each language individually. Japanese:

UniDic'* and IPADic'® for MeCab. Chinese: BLCU balanced corpus,'® Train data from

Dataset Set IS| W] V| |Ch|
Train 51.4K 1.2M  39.3K 1.7M
BCCWJ Valid 57K 130.6K 13.2K 189.1K
Test 3.0K 74.0K 72K 105.8K
Train 244K 678.8K 43.9K 1.1M
CTB6 Valid 19K 512K 88K 833K
Test 1.9K 529K 89K 86.8K
Train 119K 4.0M 729K 16.0M
BEST2010 Valid 14.9K 501.4K 23.0K 1.9M
Test 14.9K 500.4K 23.0K 1.9M

Table 1 Data sizes, in terms of the number of sentences (S), words (W), vocabulary (V), and characters
(Ch).

1 https://clrd.ninjal.ac.jp/bcewj/en

12 nttps://catalog.1ldc.upenn.edu/LDC2007T36
13 nttps://thailang.nectec.or.th

14 nttps://clrd.ninjal.ac. jp/unidic

15 https://taku910.github.io/mecab

16 nttp://becc.blcu.edu.cn
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SIGHAN2005, and Jieba.!” Thai: HSE Thai Corpus'® and LEXiTRON.'® Additionally, to ini-
tialize robust word embeddings for BiLSTM-encoder, we employed fastText to produce a feature

for characters and nodes, as well as freezing it during the training step.

4.1.3 Pre-training Models

Owing to various existing PTMs, we selected PTMs for use on the basis of their originality and
accessibility. (1) Japanese BERT:2° We chose character-level Japanese BERT to perform on the
Japanese dataset owing to its accessibility and consistency with the character-based approach.
(2) Chinese BERT:?! This pre-trained model has been effectively used in neural models on
Chinese datasets. Thus, we selected it for use in our experiment on the Chinese dataset. (3)
Multilingual BERT:2? We selected this pre-trained model to use on the Thai dataset because
we could not find any Thai pre-trained model that is similar to Japanese and Chinese pre-trained
models in terms of originality and accessibility. All models are BERT},,5c models.

To build MC-BERT for Japanese, Chinese, and Thai, we additionally collected two, six,
and four accessible datasets, respectively, and appended these additional datasets on top of the
main datasets, i.e., BCCWJ, CTB6, and BEST2010. Two Japanese datasets, UD Japanese
treebank,?® and Kyoto University Text Corpus2* were added to produce Japanese MC-BERT.
Six Chinese datasets, four corpora from SIGHAN2005° (AS, CITYU, MSRA, and PKU), SXU
from SIGHAN2008, and CNC, were appended to build Chinese MC-BERT. Both SXU and CNC
corpora are obtained from public repositories.?® All traditional Chinese corpora, such as AS and
CITYU, are converted into simplified Chinese. Four Thai datasets, LST20,26 TNHC,?” VISTEC,
28 and WS160,%° were used to construct the Thai MC-BERT. The number of datasets used to
construct MC-BERT for each language was three for Japanese, seven for Chinese, and five for
Thai. For accessibility, we perform the pre-training methods for Chinese MC-BERT on seven

datasets rather than nine compared with the previous work (Ke et al. 2021).

17 https://github.com/fxsjy/jieba

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

19 https://lexitron.nectec.or.th

20 https://huggingface.co/cl-tohoku/bert-base-japanese-char-v2
21 https://huggingface.co/bert-base-chinese

22 https://huggingface.co/bert-base-multilingual-cased

23 https://github.com/UniversalDependencies/UD_Japanese-GSD

24 https://github.com/ku-nlp/KyotoCorpus

25 https://github.com/hankcs/multi-criteria-cws

26 https://aiat.or.th/1st20-corpus/

27 https://attapol.github.io/tlc

28 https://github.com/mrpeerat/0SKut/tree/main/VISTEC-TP-TH-2021
29 nttps://github.com/PyThaiNLP/wisesight-sentiment/tree/master/word-tokenization
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4.1.4 Hyperparameters

We used the essential hyperparameters for models as shown in Table 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, 1e-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.3® We used 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 6a, 6b, and 6¢, 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.

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 2 Common hyperparameters and BERT hyperparameters for reproduced models and our pro-
posed model (top and middle), and essential hyperparameters for our proposed model (bot-

tom).

30 nttps://en.wikipedia.org/wiki/Pareto_principle
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Figure 6 Word length and its cumulative frequency on three datasets. Red line indicates the cumulative

frequency at 80%. Blue dashed line denotes selected mazimum node length hyperparameter.

4.1.5 Compared Models

We evaluated the following models:

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

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

e 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 3.

e Others: Popular Well-known word-segmentation models (Neubig et al. 2011; Kitagawa
and Komachi 2018; Qiu et al. 2020; Tian et al. 2020b; Huang, Cheng et al. 2020; 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).

4.1.6 Evaluation Metrics

We selected evaluation metrics to evaluate models per language based on previous research.
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 task (Ke et al.
2021). Owing to the similarity of vocabulary length in both languages as shown in Figures 6a
and 6b, we used word-level-F; and OOV-recall score to evaluate models on Japanese and Chi-
nese datasets. Previous works on Thai word-segmentation task interchangeably evaluated on the
character-level-F; and word-level-F; (Limkonchotiwat et al. 2021; Chay-intr et al. 2021). Thus,
we chose character-level-F; and word-level-F; to evaluate models on Thai dataset. We evaluated
word-level-F; and OOV-recall score as in Qiu et al. (2020), and we followed character-level-F
evaluation from Limkonchotiwat et al. (2021), Chay-intr et al. (2021).

#Chargold(B) Npred(B)
#Charpred(B)

Precisiong,, =

#chargeq(B)npred(B)
#charg,q()

Recallgy,,, =

Precisiong,,, X Recally,,,
Flopar =2 X

Precision.n., + 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, re-
spectively.

#Wordgoldﬂpred

Precisionyg.q =
#wordpred
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#Wordgoldﬂpred

Recallword = #Wol"d 1d
£0.

F1 9 Precisiony.q X Recallyorg
word —

Precisionq + Recallyorg’
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:

#Wordinferﬂ(gold\train)
#Wordgold\train

Recall,,, =

where infer, 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.

4.2 Results and Analysis
4.2.1 Main Results
Tables 3, 4, and 5 show comparisons of previous works, baselines, and our proposed model on
the three datasets, that is, BCCWJ, CTB6, and BEST2010, respectively. The results indicate
that LATTE outperformed previous works and Baselines in every selected evaluation metric.
LATTE could outperform Higashiyama et al. (2019) which integrates either the WAVG func-
tion 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.

Model Fwora (0) Roov (0)
(Neubig et al. 2011) 98.2 —
(Kitagawa and Komachi 2018) 98.4 —
(Higashiyama et al. 2019) 98.9 —
BiLSTM-CRF 98.2 (0.0200)  81.5 (0.060)
BiLSTM-WAVG-CRF 98.2 (0.005)  70.3 (0.690)
BERT-CRF 99.3 (0.030)  92.0 (0.010)
BERT-MC-CRF 99.3 (0.015) 91.6 (0.060)
LATTE w/ BiLSTM 99.0 (0.005)  83.6 (0.040)
LATTE 99.4 (0.005) 92.1 (0.005)

Table 3 Comparison among Others, Baselines, and our proposed model, on BCCWJ dataset. The
best score for each metric is indicated in bold. Fyo:q and Roov denote 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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Model Fuord (o) Roov (0)
(Qiu et al. 2020) 97.0 87.0
(Tian et al. 2020a) 974 88.5
(Tian et al. 2020b) 97.2 88.0
(Huang, Cheng et al. 2020) 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 94.4 (0.010)  75.5 (0.005)
BiLSTM-WAVG-CRF 95.1 (0.005)  63.3 (0.005)
BERT-CRF 97.8 (0.035)  89.2 (0.505)
BERT-MC-CRF 97.9 (0.035)  90.5 (0.120)
LATTE w/BiLSTM 95.8 (0.000)  78.45 (0.050)
LATTE 98.1 (0.020) 90.6 (0.135)

Table 4 Comparison among Others, Baselines, and our proposed model, on the CTB6 dataset. The
best score for each metric is indicated in bold. Fyorq and Rooy denote 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.

Model Fenar Fuword
(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)
BiLSTM-WAVG-CRF 98.9 (0.005)  97.2 (0.005)
BERT-CRF 99.0 (0.005)  97.3 (0.045)
BERT-MC-CRF 99.0 (0.010)  97.6 (0.005)
LATTE w/BiLSTM 99.0 (0.005)  97.3 (0.015)
LATTE 99.1 (0.005) 97.7 (0.015)

Table 5 Comparison among Others, Baselines, and our proposed model, on the BEST2010 dataset.
The best score for each metric is indicated in bold. Fchar and Fyorq denote the character-level-
F1 and word-level-F'; scores, respectively. o represents the population standard deviation. The

scores were obtained from the mean of two runs.

(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 logi-

cally consumes more memory and computational time. Although LATTE is incorporated with
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the WAVG function only, it outperformed their model that integrates the WCON function. Com-
paring 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, superb segmentation performance has been obtained on Chay-intr et al.
(2021) by incorporating multiple attentions from word and character-cluster information, which is
an exclusive Thai writing system knowledge, 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 addi-
tion, 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.

4.2.2 Segmentation Performance with Additional Datasets

We tested our model when some unknown 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:
UDj;a (Japanese) and UDzg?! (Chinese). Note that we pulled UDja out from Japanese MC-
BERT pre-training to conduct this test.

Table 6 shows the results of segmentation performance on two additional datasets. The results
showed that our proposed model outperformed the baselines on both datasets. MC-BERT could

help in improving segmentation performance on UDjs and UDzy. Moreover, our proposed

UDja UDzn
Fword R/Oov Fword 1%oov
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 95.1 | 98.5 93.5

Table 6 Results of segmentation performance on additional datasets, including UDja (Japanese) and
UDzu (Chinese).

31 https://github.com/UniversalDependencies/UD_Chinese-GSDSimp
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model could further enhance segmentation performance when MC-BERT was employed while

using LATTE as a component.

4.2.3 Ablation Study

LATTE achieved superior segmentation performance beyond previous works by integrating
three major components: BIGNN, MC-BERT, and DyL. To analyze the effect of these components
on our proposed model, we conducted an ablation study based on LATTE incorporated with
BERT-encoder on the three datasets.

Table 7 shows the results of segmentation performance on the ablation study. The results
demonstrated that combining BiGNN, MC-BERT, and DyL advanced segmentation performance.
However, employing MC-BERT on the BCCWJ corpus did not improve segmentation perfor-
mance as CTB6 and BEST2010. Incorporating BiGNN into our model consistently improved
segmentation performance on all dataset. However, LATTE that incorporated BiGAT, MC-
BERT, and DyL did not enhance segmentation performance on BCCWJ compared with LATTE
that applied BIGAT and DyL; however, it could perform well on CTB6 and BEST2010. The
DyL helped boost segmentation performance on BCCWJ and CTB6; however, it lessened seg-

Dataset BiGAT MC-BERT DyL Fyord
BCCWJ 99.29
99.32
v 99.32
99.36
v v 99.35

CTB6 97.80
97.83

v 98.00
v 97.92

v v 98.07
BEST2010 97.45
97.49

v 97.61
v 97.46

v v v 97.69

SNENENEN
N

SNENENEN

ANENEN

Table 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. v  indicates whether the feature is

incorporated into the word-segmentation model, and the best scores are indicated in bold.
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mentation performance on BEST2010, which includes longer character sequences than BCCWJ

and CTB6, and led to lower performance.

4.2.4 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 7 and 8 show segmentation results between BERT-MC-CRF and the proposed

Reference M, A BUR R IR IRER TR TR T A T A Ea Pk TR .

BERT-MC-CRF 5 It , & EUN KF “RIF JGEE JFA TAE 7 A T 4 A Bt TFE .

LATTE b, B BUR R I IREE JF R TR T A T A E Pt TR .
N, BBUGR EIHAEIT L TR M T bt TR,

“For this reason, the provincial government incorporated

the “Longkai River Treatment and Development Project”

into the provincial key flood control project.”

Figure 7 Examples of segmentation results between BERT-MC-CRF and LATTE. Ground-truth seg-
mentation result is indicated as “Reference” and incorrect segmentation results are in red.
While LATTE completely segments the correct results, BERT-MC-CRF produces incorrect

results.

Reference MOHRES KO BUR 6 — H @7, GHLEE .

BERT-MC-CRF M Jpif 2 , Kel Bm 6 — H &7, GhlEE .

LATTE MBBI G, WO B e — H T, el
MIBESRL , BB R TG— H %7, feflEE.

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

and there are crisis-ridden”

Figure 8 Examples of segmentation results between BERT-MC-CRF and LATTE. Ground-truth seg-
mentation 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.

32 A collection of segmentation results are publicly available at https://github.com/tchayintr/latte-ws
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LATTE, respectively. Figure 7 illustrates a case where LATTE outperforms BERT-MC-CRF
by segmenting “ABUH (Provincial Government)” as “# (Provincial) and BUff (Government)”
while BERT-MC-CRF preserves the “EAEUf” as it is. By considering a word category (part-of-
speech) of “4 (Provincial)” and “BUff (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-CRF, it gathers more complex structures.

However, Figure 8 shows other results where LATTE could not outperform BERT-MC-CRF
by segmenting “fEHLEH (crisis-ridden)” as “f&All (crisis)” and “EE (ridden)” while BERT-MC-
CRF preserves “fEHLEE (crisis-ridden)” as it is. “fGHLEE (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 “fEHLEH (crisis-ridden)”
into “f&HL (crisis)” and “EEE (ridden)” because both words contain meanings by themselves.
Therefore, although LATTE could not recognize the idiom, it could produce results according to
the meanings.

Additionally, we selected segmentation results from BCCWJ and BEST2010 to illustrate the
cases where LATTE outperformed BERT-MC-CRF as shown in Figures 9 and 10.

In terms of meaning, the segmentation results from BCCWJ are not significantly different.
The major difference between BERT-MC-CRF and LATTE lies in the connection between the
character “7” and “#”. LATTE produced the segmentation result where “75” and “¥” are
combined as “7Z5% (dress up)”, which forms the verb “%&+% % (to dress)” by considering the
word category. BERT-MC-CRF segmented the sentence differently, by combining “7%” with

Reference Az~ B Ro I BE A& THIWN TS A~
BERT-MC-CRF Xz~ ., #H 25 Ft 12 b HE & THN 5 &~
LATTE Za~0 L Bl ab T B AEY THIN TS R~

ZA~, BRLFIIBHETTHNT 2 2~
“Come on, if you're a parent, don’t dress your kids

”

in hand-me-downs to save money!!

Figure 9 Examples of segmentation results between BERT-MC-CRF and LATTE. Ground-truth seg-
mentation result is indicated as “Reference” and incorrect segmentation results are in red.
LATTE segments better results than BERT-MC-CRF.
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S A =~ \ dl lﬂ' ) Q
Reference Hilo Uszala n1 7 ou 9 Tu 7 @ed AU
oy o 44 o o
BERT-MC-CRF Hio dszaian 11 %1 ou 9 lu ma e nu
LATTE Hile Yszaia n 1 0w 9 Tu ma @ed du

A = 1 d'ﬁ' = o
Ailedszalannoug lumamednu
“The level of craftsmanship is more refined than
that found in other areas within the same region.”

Figure 10 Examples of segmentation results between BERT-MC-CRF and LATTE. Ground-truth seg-
mentation result is indicated as “Reference” and incorrect segmentation results are in red.
While LATTE completely segments the correct results, BERT-MC-CRF produces incorrect
results.

“I” into “Hi#” 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 “7%+
% (to dress)”, resulting in a grammatically incorrect sentence. Although both BERT-MC-CRF

299

and LATTE separately segmented “3”, which is an honorific prefix, from “iti (old)”, the overall
meaning is not changed. However, this results in a less natural expression, as the honorific
“$” 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. While LATTE could accurately segment the sentence, thus producing the correct
meaning, the segmentation result from BERT-MC-CRF represents the sentence with a completely
different meaning. Ultimately, LATTE significantly outperformed BERT-MC-CRF based on this

sample.

5 Conclusion

In this study, we proposed a lattice attentive encoding method for character-based word
segmentation that uses lattice to handle segmentation alternatives along with GNNs and attention
mechanisms. Our proposed model attentively extracts multi-granularity representations from
such a lattice for complementing character representations. Experimental results showed that our
method could improve segmentation performance on three popular datasets: BCCWJ, CTB6, and
BEST2010. Moreover, pre-training a model with LATTE as a component enhanced segmentation

performance as well.
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Appendix

A. Upper-bound Score Test

We hypothesised that segmentation results produced from a model may not be the best results;

however, it generalizes the model to minimize the segmentation errors. The test is performed
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by training a character-based BiILSTM-CRF model to predict a label sequence g for each input
sequence up to r segmentation results, i.e. Y = {94, 92,...,9"}, where Y denotes a set of label
sequences ¢, and r = {1,2,4,8,16}. The CRF layer is used along with the 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, the top 8 possible segmented sentences Y = {9, 92,...,9"} for a sentence will be
produced from the model. Subsequently, each segmentation result §° € {§*,92,...,9%} will be
evaluated with the reference sentence y; the highest scores from among the top-eight sentences
will be used to aggregate the scores.

Table 8 shows a comparison of top-r segmentation performance. The results show the same
tendency on three datasets; therefore, segmentation performance of the model depends on the
increase of r. Comparison with the segmentation performance from top-r segmentation results
where r > 1 demonstrates that the best results (r = 1) are not the truly best segmentation
results. In addition, however, the model where » = 1 implicitly and generally considers such

top-r information in principle to produce the results. On the other hand, by increasing the r

Dataset
BCCWJ

r Fehar Roov
1 99.2 88.8
2 995 (40.3)  92.4 (+3.6)
4
8

99.7 (+0.5)  94.8 (+6.0)
99.8 (+0.6)  95.9 (+7.1)
16 99.8 (+0.6) 96.8 (+8.0)
CTB6 1 97.8 79.6
2 983 (+0.5)  82.7 (+3.1)
4 98.7(40.9)  85.7 (+6.1)
8 989 (+1.1)  88.2 (+8.6)
16 99.1 (+1.3) 90.4 (+10.8)
BEST2010 1 98.9 75.6
2 99.2 (+0.3)  T7.8 (+2.2)
4 994 (40.5)  80.8 (+5.2)
8 995 (4+0.6)  83.2 (47.6)
16 99.6 (+0.7) 85.6 (+10.0)

Table 8 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 parentheses represent the differences from the

model where r = 1.
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value to produce more segmentation results from the model to be used for the evaluation, it could
obtain superior segmentation performance. Accordingly, this indicates that if top-r information
is handled explicitly and properly, it could lead to the improvement of segmentation performance

as in LATTE method.
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