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Abstract

The definition of words is the fundamental and crucial lin-
guistic concept. Any changes in word definition lead to
changes in the theoretical system of the respective language.
Traditionally, researchers in Natural Language Processing
(NLP) for Vietnamese texts believe Vietnamese words are
constructed from syllables. However, their works did not ex-
plicitly mention which linguistic theory they followed for
this assumption. Although there are no theoretical guaran-
tees, most NLP studies in Vietnamese accept this assumption.
Consequently, word segmentation is recognized as one of the
essential stages in NLP for Vietnamese texts. In this study,
we address the role of word segmentation for Vietnamese
texts from linguistic perspectives. Through our extensive ex-
periments, we show that, based on linguistic theories, per-
forming word segmentation is not appropriate for Vietnamese
text understanding. Moreover, we present a novel method,
Vietnamese Word TransFormer (ViWordFormer), for mod-
eling Vietnamese word formation. Experimental results indi-
cate that our method is appropriate for modeling Vietnamese
word formation from both theoretical and experimental as-
pects and embark on a novel approach to Vietnamese word
representation.

Introduction

Word segmentation has been known as one of the features of
Vietnamese texts for a long time, and many studies were con-
structed particularly for word segmentation tasks (Nguyen
et al. 2006; Nguyen and Le 2016; Hong Phuong et al. 2008;
Nguyen et al. 2019). Typically, research in NLP for Viet-
namese texts can be categorized into syllable-based and
word-based approaches.

In the syllable-based approach, texts are segmented into
syllables by spaces. While in the word-based version, texts
are segmented into words, each word can have one or more
syllables (Pinh Dién 2005). These syllables are connected
by the underscore "_". For instance, given the sentence
"ching t6i 1a nghién ciiu sinh nhém Nghién ctu Xt ly Ngon
ngii Tu nhién trén tiéng Viét (we are the students from
the natural language processing research group for Viet-
namese)", following the word-based approach, this sentence
must be pre-preprocessed as "chung_t6i 1a nghién_ctu_sinh
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dén tit nhém nghién ctu xt_ly ngoén_ngi tu_nhién cho tiéng
Viét", while it keeps the original version for the syllable-
based approach.

Vietnamese linguists follow the study of American Dis-
tributionalism (Bloomfield 1933) to define that in Viet-
namese, morpheme is the most fundamental lexical unit that
is meaningful, each morpheme has one syllable and is writ-
ten in a sequence of continuous characters. In a sentence,
morphemes are written from left to right and separated by
spaces. For instance, "Ha Noi 1a thd d6 cta Viét Nam"
(Hanoi is the capital of Vietnam) has eight morphemes.

According to former linguists (Than 1997; L& 2003; Chau
2007), Vietnamese words are constructed from morphemes,
each word may have one or more morphemes. Accordingly,
in "Ha Noi 1a thu do cda Viét Nam" (Hanoi is the capital of
Vietnam), there are five words: "Ha Noi" (Hanoi), "1a" (is),
"thi d6" (capital), "cta" (of), "Viét Nam" (Vietnam). In this
study, we name this view of Vietnamese word definition as
morpheme-based linguistic view.

However, later linguists (Can 1996; Giap 2008, 2011) de-
fine that, in Vietnamese, words and morphemes are identical
(Hao 1998; C4n 1996; Gidp 2011; Than 1997). In our study,
this view is named word-based linguistic view. According
to this linguistic view, there are eight words in the sentence
"Ha Noi la tha d6 cta Viét Nam" (Hanoi is the capital of
Vietnam). By this definition, the word-based linguistic view
can uncover many linguistic ambiguities introduced by the
morpheme-based linguistic view. In the following sections,
we will analyze how the word-based linguistic view tackles
unsolved problems of the morpheme-based linguistic view.

From these two linguistic views, the syllable-based ap-
proach in Vietnamese NLP follows the word-based linguistic
view, while the word-based approach follows the morpheme-
based linguistic view.

In Vietnamese NLP, modeling word segmentation actu-
ally concentrates only on describing complex words (in-
cluding compound words and reduplicative words). How-
ever, according to word-based linguistic view, we should
model the phrasal lexeme - the more abstract lexical unit
of complex word in Vietnamese. To this end, we propose
ViWordFormer, a Transformer-based method that describes
the phrasal lexemes in Vietnamese.

Our experimental results indicate that baseline methods
that follow the word-based linguistic view to represent Viet-



namese words achieve competitive results compared to those
that follow the morpheme-based linguistic view on various
datasets of natural language understanding (NLU) in Viet-
nam. Moreover, our ViWordFormer empirically outperforms
the baselines on most datasets. These results provide the
Vietnamese NLP community with evidence-based recom-
mendations and a novel method that can (1) comprehen-
sively address the characteristics of Vietnamese words from
the stands of linguistic theories and (2) simplify Vietnamese
text processing workflows without any downgrade in terms
of accuracy.

Related Works
Morpheme-Based Linguistic View

Morpheme-based linguistic view states that words in Viet-
namese are formed from morphemes (Than 1997; Chau
2007; Lé 2003; Binh Dién 2005). In Vietnamese NLP, most
researchers follow this definition. Consequently, word seg-
mentation is one of the fundamental tasks for Vietnamese
text (Nguyen et al. 2017, 2006; Nguyen and Le 2016;
Nguyen and Nguyen 2021).

Typically, (Nguyen et al. 2006) investigated the use
of Conditional Random Fields (CRFs) and Support Vec-
tor Machines (SVMs) for Vietnamese word segmentation.
They demonstrated that Vietnamese word boundaries de-
pend more on the identity of the syllables than on features
like capitalization or sentence positioning. Moreover, they
found that SVM-based learning is a potential approach to
solving the Vietnamese word segmentation problem.

(Vu et al. 2018) present VnCoreNLP, a comprehensive
natural language processing toolkit specifically designed for
the Vietnamese language. The toolkit employs the RDRSeg-
menter (Nguyen et al. 2017), an efficient rule-based method
that leverages Ripple Down Rules (RDR) for Vietnamese
word segmentation. It provides state-of-the-art (SotA) per-
formance on the Vietnamese TreeBank corpus (Nguyen
et al. 2009).

In the study of (Nguyen and Tuan Nguyen 2020), they said
all publicly released monolingual and multilingual BERT-
based language models are not inherently aware of the dis-
tinction between Vietnamese syllables and word tokens.
To this end, they introduced the PhoBERT and BART-
Pho pre-trained language models (Tran, Le, and Nguyen
2021; Nguyen and Tuan Nguyen 2020), which demonstrate
the particular color of Vietnamese by requiring segmenting
sentences into words before forwarding them to their pre-
trained models to obtain respective features. In other words,
(Nguyen and Tuan Nguyen 2020; Tran, Le, and Nguyen
2021) followed the morpheme-based linguistic view.

Word-Based Linguistic View

In contrast to the morpheme-based linguistic view, (C4n
1996; Hao 1998; Giap 2008, 2011) stated that words and
morphemes are identical in Vietnamese. Studies such as
(Phan et al. 2022; Nguyen et al. 2023; Do et al. 2024) intro-
duced pre-trained language models for Vietnamese and gave
no special treatment for Vietnamese word segmentation.
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In particular, (Phan et al. 2022) constructed a pre-trained
TS5 model for Vietnamese text-to-text tasks and introduced
the ViT5 pre-trained model. VisoBERT, a RoBERTa-based
pre-trained language model for Vietnamese social media
texts, was introduced in (Nguyen et al. 2023). These pre-
trained language models gave no special treatment for words
in their text preprocessing. Thus, they implicitly followed the
morpheme-based linguistic view.

A study has evaluated the impact of word segmentation on
NLP tasks in Vietnamese. In particular, research by (Vu et al.
2018) suggests that subword-based approaches can handle
Vietnamese NLP tasks efficiently without requiring word
segmentation. However, experiments in this study were con-
ducted from technical perspectives and did not have any lin-
guistic theories as its methodology.

Preliminary of Vietnamese Lexical Structure
Morpheme-Based Linguistic View

Former Vietnamese linguists (T€, Can, and Pinh Ta 1962;
Than 1997; Lé 2003; Chau 2007) believe that Vietnamese
words are composed of morphemes. This indicates that
when we divide Vietnamese words into smaller units that
are meaningful, we have morphemes. If we continue to
break down these morphemes, we have nonsense phonemes.
Hence, following this linguistic view, morphemes are the
smallest and meaningful units that conduct Vietnamese
words. In addition, each morpheme has only one syllable
(Chau 2007).

Words in Vietnamese are then constructed in three dis-
tinctive ways:

1. Lexicalizing morphemes: Some morphemes have their
meaning, are distinguished from other morphemes by
their lexical meaning and grammatical meaning, and
have enough grammatical functions to participate in
forming sentences. These morphemes can be lexicalized
to become words. These words are called mono-syllabic
words in Vietnamese.

. Compounding morphemes: Most of words in Viet-
namese have more than one syllable (Chau 2007).Their
meaning is gained by combining the meanings of their
components to indicate a more general meaning. For in-
stance, by combining "quan" (trousers) and "40" (shirts)
into "quan 40," we aim to indicate the more general term
clothes rather than the narrowed meaning of shirts or
trousers. The same is applied to "#n ubng," compound-
ing "dn" (eating) and "udng" (drinking) to indicate the

act of eating and drinking in general. Vietnamese words

constructed in this way are called compound words.

. Reduplicating phonemes of morphemes: The Viet-
namese lexical system contains words that share the same
phonemes in their morphemes. For example, "gon gang"
(compact), "dep dé" (beautiful), "bbi réi" (confused). In
such examples, starting from the original morphemes, the
Vietnamese reduplicate their phonemes to yield the sec-
ond morphemes. Vietnamese words constructed in this
way are called reduplicated words.



In particular, there are two kinds of compound words
(Chau 2007):

* Coordinating compounds: words having more than one
morpheme, each morpheme contributes equally to the
general meaning of the whole word.

subordinating compounds: words having more than one
morpheme, but only one morpheme carries the main
meaning; the others are modifiers that narrow down the
meaning of the main morpheme to construct the overall
meaning of the whole word.

Conversely, the morpheme-based linguistic view states
that Vietnamese words are constructed from syllables.
In this paper, we call compound and reduplicated words as
poly-syllabic words.

In Vietnamese NLP, most researchers follow this linguis-
tic view to treat words as combinations of morphemes. Con-
sequently, Vietnamese text processing is required to perform
word segmentation in order to achieve words from the in-
put sentence. Word segmentation aims to analyze the sen-
tence, process each token as morphemes, and then combine
the relevant morphemes to construct respective poly-syllabic
words.

Semantic Structure of Lexical Units in Vietnamese

The definition of morpheme and word in morpheme-based
linguistic view face lots of irregular cases in Vietnamese.
Studies of (Hao 1998; Giap 2008, 2011) indicated that there
are compound words having two morphemes. However, only
one morpheme between them carries the meaning of the
whole compound word, or even no morpheme is relevant to
the whole meaning of their respective word. For instance,
"dn n6i" means to speak in English, including "an" (to eat)
and "néi" (to speak), or "dAt nuéc" means country in En-
glish, including "dat" (soil) and "nudc" (water). Therefore,
these words can not be categorized as any defined categories
mentioned in the previous section.

Actually, in Vietnamese, both "an" (eating) and "néi"
(speaking) are the metonymies of the mouth. When these
two words are standing in the same lexical unit, they describe
the communication function of the mouth. We can easily
find the evidence from an idiom in Vietnamese for this way
of explanation: "hoc dn hoc néi, hoc géi hoc ma" (original
meaning: learn to eat and learn to speak, learn to wrap and
learn to open; metaphorical meaning: learn to do the most
simple thing, even how to speak and how to do) (Lan 2016).
To this end, "an néi" is a coordinating compound that means
speaking in English. The same explanation can be applied to
similar words such as "nha ctta" (house in general).

In addition, there are reduplicative words in Vietnamese,
including nonsense morphemes, such as "dé€", "gang", and
"bi" in "dep dé", "gon gang", and "bdi rdi" mentioned in
the previous section. According to (Chau 2007), morpheme
is the smallest lexical unit that has meaning. However, these
lexical units have no meaning, which contradicts the defini-
tion of word and morpheme following the morpheme-based
linguistic view.

(Chau 2007) gave a solution for these kinds of nonsense
morphemes in such reduplicative words. In particular, given
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"dep de" (beautiful) as an example, "dé" only follows after
"dep". When Vietnamese people hear the sound of "dé", the
only thing that appears in their mind is "d€" in "dep dé".
Accordingly, the meaning of "d€" is the meaning of "dep".
We can explain the same way for other similar words such as
"ngd ngac" (bewildered), "méu mao" (to cry), or "lic dac"
(scattered). To this end, reduplicative words can be seen as
coordinating compounds.

Moreover, there are compound words such as "xe ¢0" (ve-
hicles) and "chiia chién" (pagodas in general), but only one
morpheme has meaning in these words. There are also words
such as "énh uong" (bullfrog), "bu nhin" (puppet), or "xa
phong" (soap) that include two morphemes, but their mor-
phemes do not have any meaning.

(Giap 2008, 2011) showed that morphemes "c0" in "xe
¢d", "chién" in "chuia chién" have meaning, but their mean-
ings are vague or lost because these words are dialect and
because of the popularity of Vietnamese standard language.
(Giap 2008, 2011) indicated that in the Southern Delta of
Vietnam, ancient people used "c§" to describe a type of ve-
hicle without wheels, also known as a "scratch cart", pulled
by buffaloes and oxen, sliding on flat ground or wet mud.
The meaning of "chién" is pagoda, as reflected in a folk
song of Vietnam (Giap 2008). From that on, these words are
coordinating compounds according to the morpheme-based
linguistic view. Moreover, (Giap 2008, 2011) stated that in
words such as "énh wong" (bullfrog) or "bu nhin" (puppet),
their morphemes had had meaning. However, their meaning
is lost over the usage and development of Vietnamese.

Finally, besides the Vietnamese words constructed from
morphemes whose meanings are forgotten, there are words
that include nonsense morphemes, and these morphemes do
not have meaning in Vietnamese. Such instances are "xa
phong" (soap), "cat x&" (salary), "xi lanh" (cylinder), or "tAm
bat" (tarpaulin). These words are borrowed words from for-
eign languages. In particular, "xa phong" is borrowed from
French savon, "cat x€" is borrowed from French caché, "xi
lanh" is borrowed from French "cylindre", and "bat" in "tAm
bat" is borrowed from French "batre" (Phé 2020). These
words are phonologicalized using the Vietnamese phonolog-
ical rules to form novel words. This linguistic phenomenon
has appeared since the French colonial period in Vietnamese
history.

To conclude, we showed that following studies of (Giadp
2008, 2011), any words having more than one morpheme ac-
cording to morpheme-based linguistic view can be viewed as
coordinating words or subordinating words. In other words,
there are only two rules to form poly-syllabic words in
Vietnamese following the morpheme-based linguistic view:
coordinating morphemes and subordinating morphemes.
Words borrowed initially from foreign languages are treated
as irregular cases because they follow the rules of word for-
mation of their original languages.

n_An

Word-Based Linguistic View

According to the analysis of semantic structure of Viet-
namese complex words in the previous section, all mor-
phemes in Vietnamese have meaning. To this end, (Gidp
2008) defined that, in Vietnamese, word is the smallest lexi-



cal unit that has meaning, includes one syllable, and is writ-
ten under a continuous sequence of characters. From this
on, words, morphemes, and syllables are identical in Viet-
namese. Therefore, Vietnamese words are not constructed
from syllables and Vietnamese is a monosyllabic language.

Moreover, (Giap 2008, 2011) proved that in Vietnamese,
there is no boundaries to distinguish compound words, id-
ioms, proverbs, and habitual collocations. (Gidp 2008, 2011)
indicated that these lexical units share the same properties
with compound words, and they are constructed following
the same rules of compound word formation.

Accordingly, (Gidap 2011) categorized them as phrasal
lexemes in Vietnamese. Phrasal lexeme generalizes the con-
cept of word from the definition of (Chau 2007) as well as
addresses the problems relevant to determining the bound-
aries of words in former studies (Can 1996; Chau 2007; Lé
2003; T€, Can, and Pinh Td 1962). In conclusion, accord-
ing to the word-based linguistic view, all phrasal lexemes
are constructed from words; each word has one syllable, and
these words either coordinately compound or subordinately
compound together to form the whole meaning.

Vietnamese Word Transformer
(ViWordFormer)

We designed ViWordFormer to represent Vietnamese words
and phrasal lexemes following a word-based linguistic view.
ViWordFormer is mainly inspired by Transformer because
this method can model the relation among components in
sentences via its attention mechanism.

Attention Module

The Attention module of ViWordFormer is designed follow-
ing the implementation of (Vaswani et al. 2017). In particu-
lar, Attention module will perform the self-attention, which
implies the query, key, and value vectors are the linear-
mapped vector from the same input sentence:

Q=W I, K=W,I,V=W,I

where W, € RdinXdmoder T}/, € RéinXdmodet and W, €
RéinXdmodel gre learnable parameters, I € RienXdin jg the
vector of input sentence.

The Attention module will determine the Attention score

A via:

T

_QK7
\% dmodel

Phrasal Lexeme Module

A = softmazx( )€ Rlenxlen €))

The attention mechanism proposed by (Vaswani et al. 2017)
does not have any constraints on how to perform atten-
tive connection, hence there will be unexpected connections
among words that are not in the same phrasal lexemes in
Vietnamese.

To tackle this problem, we introduce the Phrasal score P
to augment the Attention score A with constraints that elim-
inate the unexpected attentive connections among words in
different phrasal lexemes.
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As we analyzed in the previous section, any phrasal lex-
emes in Vietnamese are formed following two rules of se-
mantic formation. To describe these two rules, we define a
kernel:

7"1‘7j = u(wi,wj) = w1WwJT

2

where W € R¥modet Xdmodel ig the learnable parameter, and
w; and w; are any two words in the input sentence.

Then given an input sentence wi, wa, ..., Wien, WE mea-
sure the probability of any words w; and its neighbor words
w;—1 and w;1 that are in the same phrasal lexeme as:

3)

By this equation, we expect if w; and w;_; are in the
same phrasal lexeme, but w; 1 is in the other, then we have
Pri—i,i > Priit1, and vice versa.

However, it is worth noting that because we defined the
kernel 4 as the bilinear function, we might have pr; ;11 #
priy1,; although they represent the same concept. To this
end, the probability of word w; and w;4; in the same phrasal
lexeme is calculated by taking the average of pr; ;41 and

Priti,i-

Pri14,Pliit1 = softmax(ri—1:,riiv1)

P = \/priiq1 X prigi 4
Finally, the probability P; ; of words 7,7 + 1, ..., j in the
same phrasal lexeme is determined as:

j—1
Pii =] P
k=i

It is worth noting that P, € [0, 1], hence the probability
P; ; will converge to 0 rapidly. To alleviate this problem, we
turn P; ; into the logarithmic space:

&)

Jj—1 Jj—1
Pij; = exp(log( H Pk)) = emp( Z log(Pk)) (6)
k=i k=i
Finally, the constraints introduced by the Phrasal score P
provided to the Attention score by:

S=A60P

where © is the element-wise multiplication.

We note that we do not use the form of summation to "add
constraints to the Attention score" as intuition because both
A and P are in the exponential form. Therefore, the multipli-
cation is performed to implement the intuition of "addition".

)

Co-Text Module

Through our observation, in the Phrasal Lexeme module,
ViWordFormer finds difficulty when forming large phrasal
lexemes. It mostly highlights the phrasal lexemes contain-
ing two to three words. We hypothesize that when being
forwarded to deeper layers, the information among smaller
phrasal lexemes that are used to construct larger phrasal lex-
emes is decayed. To this end, we introduce the Co-text mod-
ule. This module designs a hierarchical flow of informa-
tion so that deeper layers can maintain the information of



phrasal lexemes from shallower layers. We named this mod-
ule the Co-text module because it maintains the co-text of
any phrasal lexemes in a sentence.

In particular, let Pz-lj is the phrasal lexeme score at the layer

Ith, we give Pilj the phrasal information from previous layers
by:

Pl =P+ (1P YP, ®)

This formula describes the interdependencies among
components in sentences. The co-text module allows higher
layers to have more information about phrasal lexemes and,
inversely, form the meaning of those components. In our ex-
periments, we show that the Co-text module is indeed nec-
essary.

Experiment
Baselines

We evaluated the strong baselines for sentence classification
and sequential labeling: Transformer encoder (Vaswani et al.
2017), LSTM (Hochreiter and Schmidhuber 1997), GRU
(Cho et al. 2014), and TextCNN (Kim 2014).

Configurations

We used the Transformer encoder with six layers and a hid-
den size 512. Our ViWordFormer was configured in the
same way as the Transformer encoder method. For the RNN-
based method (LSTM, GRU), we also had the 6-layer model.
These methods had the same hidden size as the Transformer
encoder. In this study, both ViWordFormer and Transformer
used GeLU (Hendrycks and Gimpel 2016) as the activation
function.

All baselines were trained with a single run using the early
stopping technique on an A100 80GB GPU. Adam (Kingma
and Ba 2014) was used as the optimizer with 5; = 0.9,
B2 = 0.98, and € = 1le—9. During training baselines and the
proposed ViWordFormer method, we adapted the learning
rate scheduler from the study of (Vaswani et al. 2017).

Datasets

In this study, we conducted experiments on two Vietnamese
text understanding tasks: sentence classification and sequen-
tial labeling.

For the sentence classification task, we evaluated base-
lines and ViWordFormer on four datasets: UIT-VSFC
(Nguyen et al. 2018), UIT-ViCTSD (Nguyen et al. 2021a),
UIT-ViOCD (Nguyen et al. 2021b), and ViHSD (Luu,
Nguyen, and Nguyen 2021).

For the sequential labeling task, we evaluated the base-
lines and ViWordFormer on PhoNER (Truong, Dao, and
Nguyen 2021) and ViHOS (Hoang et al. 2023) datasets. We
note that for the Name Entity Recognition (NER) task, we
used PhoNER dataset because this dataset has the syllable
version (Truong, Dao, and Nguyen 2021), while other avail-
able NER datasets require performing word segmentation
at first, which prevents us from designing the experiments
without word segmentation for this task.
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Experimental Scenarios

In this paper, we constructed two experimental scenarios.
The first scenario evaluates the necessity of performing
word segmentation in Vietnamese text pre-processing. In
other words, this scenario is used to evaluate the perfor-
mance of baselines when they follow the morpheme-based
linguistic view and word-based linguistic view, respectively.
The second scenario evaluates the effectiveness of ViWord-
Former over strong baselines following the word-based lin-
guistic view.

Text Pre-Processing

In the first scenario, we used word segmentation to demon-
strate the morpheme-based linguistic view on Vietnamese
texts using the SotA VnCoreNLP toolkit (Vu et al. 2018).
We called this pre-processing procedure the morpheme-
based procedure. To describe the word-based linguistic view,
we treat each token split by spaces as a Vietnamese word. We
called this later pre-processing procedure word-based pro-
cedure. Then, we compared the baselines followed by both
procedures to indicate the necessity of word segmentation in
Vietnamese.

In the second scenario, we only applied the word-based
procedure for Vietnamese texts. Then, we evaluated Vi-
WordFormer’s performance to compare with the baselines. It
is worth noting that in both pre-processing procedures, sen-
tences are turned into lowercase, and punctuations are sepa-
rated from words.

Metrics

We adopted F1-score for evaluating baselines and the Vi-
WordFormer on the mentioned datasets following the previ-
ous works (Hoang et al. 2023; Huynh, Nguyen, and Nguyen
2022; Nguyen et al. 2018; Ho et al. 2020; Nguyen et al.
2021a; Luu, Nguyen, and Nguyen 2021; Truong, Dao, and
Nguyen 2021). The F1-score was reported in macro average.

Results and Analysis
Experimental Results of the First Scenario

Results from Table 1 show that the baselines when following
the word-based linguistic view achieve approximately the
same, even better than those following the morpheme-based
linguistic view. For ease of observing the general pattern of
baselines on datasets, we took their average F1 scores. We
can see that word segmenting the input sentence in advance
does not significantly improve evaluated baselines.

Moreover, these empirical results support the conclusion
of the word-based linguistic view that words are identical
with morphemes and syllables in Vietnamese. By splitting
the sentence by spaces, we already achieve the sequence of
words.

Experimental Results of the Second Scenario

As indicated in Table 2, the proposed ViWordFormer
achieves the best results on most datasets. In particular, on
both sequence classification tasks of UIT-VSFC, ViWord-
Former outperformed Transformer as well as RNN-based



D Transformer LSTM GRU TextCNN Average
atasets
w/o w w/o w w/o w w/o w w/o w

UIT-VSFC Topic Classification 76,22 7539 | 63,82 59,80 | 74,08 7299 | 73,28 73,76 | 71,85 70,49
UIT-VSFC Sentiment Analysis 75,12 7285 | 67,01 68,38 | 74,24 71,03 | 61,12 60,51 | 69,37 68,19
UIT-ViCTSD Toxic Detection 67,30 67,54 | 67,79 65,56 | 64,13 66,63 | 67,46 67,46 | 66,67 66,80
UIT-ViCTSD Constructive Detection | 78,32 78,86 | 77,73 78,77 | 77,06 77,56 | 75,19 61,02 | 77,08 74,05
ViHSD 60,22 60,69 | 58,84 57,54 | 58,58 5824 | 56,53 57,12 | 59,01 58,94
ViOCD 86,33 85,79 | 86,50 80,31 | 86,33 84,67 | 85,06 82,69 | 86,06 83,37
ViHOS 78,39 80,15 | 77,99 79,75 | 78,86 78,65 - - 78,41 79,52
PhoNER 83,37 81,55 | 81,83 80,44 | 82,41 81,61 - - 82,54 81,20

Table 1: Experimental results among baselines on sentences with (w) and without (w/0) word segmentation.

Datasets ViWordFormer Transformer LSTM GRU TextCNN
UIT-VSFC Topic Classification 77.37 76.22 63,82 74,08 73,28
UIT-VSFC Sentiment Analysis 76.92 75.12 67,01 7424 61,12
UIT-ViCTSD Toxic Detection 64.38 67.30 67,79 64,13 67,46
UIT-ViCTSD Constructive Detection 78.07 78.32 717,73 77,06 75,19
ViHSD 63.68 60.22 58,84 58,58 56,53
ViOCD 88.70 86.33 86,50 86,33 85,06
ViHOS 79.22 78.39 77,99 78,86 -
PhoNER 84.61 83.37 81,83 8241 -

Table 2: Experimental results of ViWordFormer and baselines.

and CNN-based methods. The same results apply to the
ViHSD and UIT-ViOCD datasets. However, on the UIT-
ViCTSD, LSTM achieves the highest score on the Toxic De-
tection task, while Transformer is the best method for the
Constructive Detection task. On the Toxic Detection task,
ViWordFormer has lower scores than Transformer by a large
margin. On the Constructive Detection task, ViWordFormer
has approximately the same results as the Transformer.

The same color occurs in sequential labeling tasks. On
both ViHOS and PhoNER, ViWordFormer outperforms all
baselines. These results indicate the effectiveness of our
proposed method when it learns to understand Vietnamese
phrasal lexemes and sequentially classify them appropri-
ately.

Ablation Study for Co-Text Module

Datasets w w/o

UIT-VSFC Topic Classification 77,37 75.60
UIT-VSFC Sentiment Analysis 76,92 76.53
UIT-ViCTSD Toxic Detection 64,38 62.22
UIT-ViCTSD Constructive Detection | 78,07 76.01
ViHSD 63,68 59.87
ViOCD 88,70 86.33
ViHOS 79,22 78.00
PhoNER 84,61 62091

Table 3: Ablation study for the Co-text module. w indicates
ViWordFormer with Co-text module while w/o indicate Vi-
WordFormer without the Co-text module.

As we stated previously, the Phrasal module must be
equipped with the Co-text module so that the phrasal in-
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formation from former layers can be forwarded to subse-
quent layers. To demonstrate this statement, we conducted an
experiment to evaluate the performance of ViWordFormer
with and without the Co-text module.

Results in Table 3 indicate that ViWordFormer achieves
its highest scores on all datasets only being provided with
the Co-text module. Notably, on the ViHOS dataset, Vi-
WordFormer, without the Co-text module, dropped its per-
formance by a large margin.

Visualization of ViWordFormer

To investigate how ViWordFormer forms phrasal lexemes in
Vietnamese texts, we visualized the scores matrix S (7) re-
turned by each layer of ViWordFormer.

Figure 1 presents the attention maps for the sentence "cai
bénh tAm than phan liét thé hoang tudng tién trién ngay cang
ndng" (paranoid schizophrenia progressively worsens).

The score map S intensely captures phrasal relations
among words in the first two layers. This is exemplified by
the model’s accurate identification of the phrasal lexemes

such as "tdm than" (mental disorder), "liét th" (paralysis), or
"hoang tudng" (paranoid). This behavior is closely aligned
with word segmentation following the morpheme-based lin-
guistic view, further highlighting the effectiveness and gen-
eralization ability of ViWordFormer. The sparse attention in
these layers indicates that the model is learning to identify
individual word pairs and smaller syntactic chunks.

Moving to the third layer, the score map S reveals more
comprehensive patterns. This is a clear indication that Vi-
WordFormer has started to capture broader semantic struc-
tures. For instance, it effectively captures the semantic re-
lations in phrases such as "cdi bénh tim than" (mental ill-
ness) or "'ngay cang nang" (progressively worsens). These
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Figure 1: Visualization of the score S from ViWordFormer.

are specific areas where words are shown to be relevant to
each other, providing concrete evidence of ViWordFormer’s
effectiveness.

In the deeper layers (from the 4th layer to the 6th layer),
the score map S reveals that ViWordFormer gradually con-
structs more extensive phrases from phrasal lexemes formed
from previous layers. The attention maps of these lay-
ers show dense, consistent patterns and highlight ViWord-
Former’s ability to understand complicated semantic depen-
dencies and the overall sentence structure.

In conclusion, through visualization of attention maps,
we showed that ViWordFormer could gradually capture the
phrasal relations among words and the semantic relation
among phrasal lexemes given Vietnamese sentences. Our
proposed ViWordFormer effectively captures Vietnamese
semantic structure.

Conclusion

This study, using evidence from linguistic theories and em-
pirical results, showed that word segmentation is not cru-
cial for representing Vietnamese texts. Moreover, to effec-
tively represent Vietnamese words following the word-based
linguistic view, we introduced the ViWordFormer. Exper-
imental results indicated that ViWordFormer gives better
phrasal representation in Vietnamese; hence, it achieves bet-
ter results on various Natural Language Understanding tasks
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compared with vanilla Transformer, RNN-based, and CNN-
based methods.

Our results motivate the research community to explore
more effective methods of modeling Vietnamese lexical
structure using linguistic theories to construct better pre-
trained language models, particularly for Vietnamese.

Limitation and Future Works

The main limitation is that ViWordFormer assumes the se-
mantic structure p of words and phrasal lexeme are linear,
which is not ensured to be the best description of the phrasal
relation in Vietnamese texts. In addition, our experiments
are limited to sequence classification and sequential label-
ing tasks.

In subsequent studies, we will explore and evaluate Vi-
WordFormer on other Vietnamese NLP tasks, such as text
summarization, machine translation, or machine reading
comprehension. Further experiments on the kernel p of the
Phrasal Lexeme module will be conducted to find the best
approximation function for describing the semantic structure
of words and phrasal lexemes in Vietnamese.
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