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Abstract—Word segmentation is the very first task for Vietnamese language processing. Word-segmented text is the input
of almost other NLP tasks. This task faces some challenges due
to specific characteristics of the language. As in many other
Asian languages such as Japanese, Korean and Chinese, white
spaces in Vietnamese are not always used as word separators
and a word may contain one or more syllables. In this paper, we
propose an efficient hybrid approach to detect word boundary
for Vietnamese texts using logistic regression as a binary classifier
combining with longest matching algorithm. First, longest matching algorithm is used to catch words that contain more than two
syllables in input sentence. Next, the system utilizes the classifier
to determine the boundary of 2-syllable words and proper names.
Then, the predictions having low confidence conducted by the
classifier are verified by a dictionary to get the final result. Our
system can achieve an F-measure of 98.82% which is the most
accurate result for Vietnamese word segmentation to the best of
our knowledge. Moreover, the system also has a high speed. It
can run word segmentation for nearly 34k tokens per second.

I. I NTRODUCTION
In linguistics, word is the smallest meaningful unit of speech
that can stand by itself. Vietnamese, an Austroasiatic language,
uses a Latin alphabet with additional diacritics and certain
letters. However, unlike many occidental languages using Latin
alphabets, Vietnamese has similar characteristics to other East
Asian languages such as Japanese, Korean, Chinese and Thai
in which white spaces are not always word separators and
a word may consist of more than one syllable with many
ambiguous cases. This leads to some challenges in Vietnamese
word segmentation.
Studies on Vietnamese word segmentation used either
dictionary-based algorithms, statistical models or hybrid approaches. Recent studies using hybrid approaches such as [1],
[2], [3] can provide state-of-the-art results at approximately
97%.
In this study, we propose an efficient hybrid approach
to solve this task. In our approach, word segmentation is
represented as a binary classification problem in which we
have to determine the label of each white space in input
text. These two labels are SPACE (separator of two syllables
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which belong to two different words) and UNDERSCORE
(separator of two syllables inside a word). Our system is
mainly based on three steps. First, we use a forward longest
matching algorithm to determine the boundary of all words
having at least three syllables. Next, the classifier using logistic
regression helps to detect the boundary of 2-syllable words
and proper names. Finally, we continue to use the dictionary
to recheck the predictions having low confidence produced
by the machine learning process and return final labels for
white spaces. For experiments, we evaluate our approach using
10-fold cross-validation on Vietnamese Treebank corpora [4]
of 75k manually word-segmented sentences. Our system can
yield an F-measure of 98.82% which is the best result for
Vietnamese word segmentation known to us. Furthermore, the
system can also perform at a high speed of nearly 34k tokens
per second when running on a personal computer.
The rest of this paper is organized as follows. In Section II,
we talk about the difficulties in Vietnamese word segmentation. In Section III, the methods used in other studies to resolve
word segmentation task are discussed. Section IV provides
details of our approach. We report and discuss about the
experimental results of our system in Section V. Finally, we
make some conclusions on this work in Section VI.
II. D IFFICULTIES IN V IETNAMESE WORD

SEGMENTATION

Vietnamese is an inflexionless language in which every
word never changes its form. Vietnamese words are made
of one or more syllables. A word which contains only one
syllable is called single word. On the other hand, a word which
is composed of more than one syllable is called compound
word. Frequency of each kind of word is different from others.
We tried to make some statistics on the dictionary provided by
VLSP project1 and the frequency analysis told us some useful
knowledge. Almost of the words (71%) in this dictionary are
2-syllable words. Single words account for 17.67% of total
words. Therefore, the percentage of over-2-syllable words is
just under 12%. Due to this low frequency, it leads us to
a simple idea that we can just use the dictionary to cover
1 http://vlsp.hpda.vn:8080/demo/?page=home

those words and then find an efficient way to deal with the
other words in the input text. There are two kinds of the
remaining words that we have to care about, which are 2syllable words and proper names (in Vietnamese, names of
people and locations are considered as lexical units).
One simple method to deal with proper names is to compose
all consecutive upper-case syllables into a word. This method
is obviously not good in many cases such as when two proper
names appear consecutively.
For 2-syllable words, the easiest way is to scan through the
input sentence and connect all of two consecutive syllables
that can compose a word in the dictionary. There are many
ambiguous cases where this method produce wrong results.
One of the most frequent cases is called overlap ambiguity in
which a sentence has three consecutive syllables si si+1 si+2
where both si si+1 and si+1 si+2 are words in the dictionary
but in the current context, only one of them is the right
word. In another common situation, a word composed of two
consecutive syllables si si+1 is in the dictionary, but in the
current context, these two syllables are actually two single
words. Other significant case that this method cannot handle is
out-of-vocabulary problem in which two consecutive syllables
si si+1 actually compose a right word in its context but it has
not appeared in the dictionary.
Taken together, it is necessary to have more effective techniques to deal with those problems. In the next section, we talk
about studied approaches to word segmentation Vietnamese and
other languages’ texts.
III. R ELATED WORKS
There are many effective approaches that have been studied
to resolve word segmentation task [5], [6]. The first and
traditional approach is based on dictionary. There are two common techniques of this approach, namely maximum matching
(MM) and longest matching (LM). While MM algorithm
aims to find the segmentation candidates by segmenting input
sentence into a sequence with the smallest number of words,
LM algorithm tends to scan through the sentence and at each
syllable, it finds the longest word composed of this syllable
and the next consecutive ones. Systems using this kind of
approach for Chinese can gain very promising results [7], [8].
However, for Vietnamese, this simple approach seems to be
unable to deal with out-of-vocabulary problem and overlap
ambiguity.
The second one is statistical approach. As in many other
core NLP tasks, this approach has proved to be good for word
segmentation too. For instance, the methods using Conditional
Random Fields (CRFs) and Support Vector Machines (SVMs)
in [9] can reach results of over 94% while evaluating on a
small corpus of 7800 Vietnamese sentences. Other studies
using CRFs [10], SVMs [11], Hidden Markov Model (HMM)
[12], [13], n-gram model [14], Maximum Entropy (MaxEnt)
[15], [16] and probabilistic ensemble learning [17] also produces high accuracy for Vietnamese and other East Asian
languages. Statistical approaches help to gain good result for
Thai [18], too.

Although statistical algorithms can provide a good way
to deal with ambiguous problems, both of those approaches
still have their own limitations. Thus, some studies combined
these two approaches into their systems. Some hybrid approaches for Vietnamese word segmentation were presented
to use Weighted Finite State Transducer (WFST) with Neural
Network [3], or combine MM and n-gram language model
[1], or use MM combining with stochastic models using partof-speech information [2]. These approaches are able to reach
state-of-the-art results at approximately 97%. For Chinese, the
study in [19] proposes a lattice-based framework for joint
Chinese word segmentation, POS tagging and parsing which
helps to significantly improve the accuracy of the three subtasks. Joint model of word segmentation and POS tagging was
also used for Japanese [20].
IV. O UR

APPROACH

In this section, we first talk about how we represent word
segmentation task. Next, we describe three main components
of our segmentation system before proposing its architecture.
A. Problem representation
The two main ways of problem representation for Vietnamese word segmentation are syllable-based and whitespace-based.
The first one can be described as a sequential tagging task.
For example, in the approach presented in [9], there are three
labels for syllables, which are B_W (Begin of a Word), I_W
(Inside of a Word) and O (Outside of a word). This approach is
implemented in JVnSegmenter [21], a toolkit for Vietnamese
word segmentation.
The second way is to cast Vietnamese word segmentation
as a binary classification problem for white spaces. It should
be repeated that in Vietnamese, there are two kinds of white
space. The first one is separator of two syllables which
belong to two different words (SPACE) and the second one
is separator of two syllables inside a word (UNDERSCORE).
PELSegmenter [17] and DongDu2 are toolkits that use this
problem representation.
We use the second way of problem representation for our
system because of its simplicity. Moreover, in this way, it is
possible to modify the label of a white space but does not
affect the labels of other ones beside it. In the next section,
we describe the simplest component of our system, longest
matching algorithm.
B. Longest matching
Due to the low frequency of over-2-syllable words and
in our observation, ambiguity is inappreciable for them, we
just use such a dictionary to deal with those words. The
dictionary-based technique in our system is longest matching.
The dictionary is the one used in Section II. The work
after longest matching is to handle the 2-syllable words and
proper names efficiently. Our binary classifier using logistic
regression is responsible for this task.
2 https://github.com/rockkhuya/DongDu

C. Logistic regression as binary classification
Logistic regression is used to construct a binary classifier
for white spaces in our system. From training data, we have
a training set D = { (X, Y ) } where X denotes feature
vector and Y denotes the corresponding label of white space.
To be convenient, we denote the two values for Y as 1
and 0 corresponding to UNDERSCORE and SPACE labels
respectively. Based on this training set, logistic regression
assumes a parametric model and learns the conditional distribution P (Y |X). The assumed parametric model is presented
in equation 1 and equation 2, in which wi denotes weight (or
parameter).
1
P
P (Y = 1|X) =
1 + exp (w0 + ni=1 wi Xi )

(1)

P (Y = 0|X) = 1 − P (Y = 1|X)

(2)

Raw text
Training data
Pre-processing

Sentences

LM for
over-2-syllable
words

Binary
classifier
using LR

Dictionary

Post-processing

Segmented text

The rule of our binary classifier is that we assign UNDERSCORE label for a white space given its feature vector X if
P (Y = 1|X) > P (Y = 0|X) (or P (Y = 1|X) > 0.5) and
otherwise, we assign SPACE label for it if P (Y = 1|X) < 0.5.
This statistical method seems to be able to handle proper
names and many ambiguous problems well if we have a good
feature set and large training data. However, it still has serious
limitations as we map a continuous domain of probability P to
a discrete domain of binary variable. But that is also the reason
why we choose logistic regression instead of other methods.
Obviously, no machine learning method can perform perfectly
in all cases and it is necessary to have verification for its
outcome. Logistic regression provides a simple way to detect
those low-confident predictions. It is clear that predictions with
probabilities P in a narrow boundary around 0.5 have low
confidence of precision. Additionally, it is also possible that
in the overlap ambiguity case, this classifier may connect all
three syllables to compose a word. We will propose our simple
techniques to resolve these problems in the following section.
D. Post-processing for binary classifier
We use the dictionary to handle the low-confident predictions and the results in overlap ambiguity cases produced by
the binary classifier. First, we define that a prediction for
label Y of a white space given its feature vector X is a lowconfident prediction if the following condition holds:
|P (Y = 1|X) − 0.5| < r, r is a threshold
Assume that we have a sequence of syllables and labeled
white spaces after the binary classification using logistic
regression in the form of:
. . . si−1 [ ]si [ ∗ ]si+1 [ ]si+2 . . .
where sj denotes syllable; [ ] denotes SPACE label; [ _ ]
denotes UNDERSCORE label and [ ∗ ] is the label that has
low-confident precision. Our solution is to verify whether the
word si si+1 is in the dictionary or not. The result of this
operation is the final label for [ ∗ ].

Figure 1. Architecture of our segmentation system.

In another case, the conducted sequence looks like that:
. . . si−2 [ ]si−1 [ _ ]si [ _ ]si+1 [ ]si+2 . . .
In this case, si−1 si si+1 is not a word in the dictionary.
That means it is much likely a wrong word because of the
low frequency of 3-syllable words. We divided this case into
four possibilities:
• word si−1 si is in dictionary but word si si+1 is not
• word si si+1 is in dictionary but word si−1 si is not
• both of them are not in dictionary
• both of them are in dictionary
For the first and second cases, we only keep up the word
that appears in the dictionary. For the third case, we change
both labels of two white spaces into SPACE. The last case
is corresponding to overlap ambiguity. In this case, we keep
up UNDERSCORE label of white space that has higher
probability conducted by the classifier and change the other
one to SPACE.
E. Proposed segmentation system
Combine all the above components with the pre-processing
step for raw input data, we have the architecture of our system
as presented in Figure 1.
In the pre-processing step, we first standardize the raw
text, then use regular expressions to recognize regular patterns
such as numbers, times and dates, then separate punctuation
marks, parentheses and quotation marks at the end of words,
and then utilize some simple heuristic rules to split the text
into sentences. Next, each sentence is passed into the LM
component to detect boundary for words having at least three
syllables. Continuously, the remaining white spaces will be
labeled by the classifier using LR. This classifier was trained
on training data before. The post-processing then handles the
low-confident predictions conducted by the classifier to return
the final segmented text.
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Figure 2. A 5-syllable window.

V. E XPERIMENTS
In this section, we present the feature templates used for
logistic regression and the performances of different systems
compared to our system. We also talk about the affection of
threshold r to accuracies of our segmentation system.
A. Features
Performance of any statistical technique is based on the
quality of feature set. For the classifier using logistic regression
of our system, to generate feature vector of each white space,
we capture a window of size 2 for it as depicted in Figure 2,
where s denotes syllable; y denotes white space and the
subscript is the index of corresponding syllable or white space.
Table I represents all feature templates for logistic regression. In Table I, fi denotes the lowercase-simplified form of
syllable si ; ti is the type of syllable si ; (fi , fj ) is a combination feature; isV N F amilyN ame(si) returns true if and only
if si is a Vietnamese family name; isV N Syllable(si) returns
true if and only if si is a valid Vietnamese syllable. There
are five types of syllable we defined in our system, namely
LOWER, UPPER, ALLUPPER, NUMBER and OTHER corresponding to the cases that the syllable has all lowercase
letters, the syllable has upper-case initial letter, the syllable
has all upper-case letters, the syllable is a number or the other
cases, respectively.
For n-gram features, we use both the lowercase form of
syllables and their types. We do not use the original form of
syllables from input text to extract n-gram features because
we found that this way of feature extraction may produce
profitless features and they are not good for logistic regression.
Moreover, we only add features of syllable’s types to feature
vector if the type is different from LOWER. Taking all features
of LOWER type to feature vectors can make the regression
model confused and draw its performance because almost
syllables are of LOWER type. These techniques can reduce
a large number of useless features. The sixth feature template
in Table I is used for full-reduplicative words. The seventh
one catches information of Vietnamese people’s name and the
last one is used for detecting two consecutive proper names.
B. Results
We analyze affection of each component to our whole
system. In our experiments, we use Vietnamese Treebank
corpora of 75k manually word-segmented sentences which
is one of the largest annotated corpora for Vietnamese. The
corpus is randomly splitted into ten equal partitions for 10-fold
cross-validation. F-measure is used, in which precision ratio
(P) is computed as number of right segmented words over total
number of words conducted by the segmentation system; recall
ratio (R) is computed as number of right segmented words

over total number of words in the golden test set. The average
accuracies of systems over ten folds are presented in Table II.
We utilize LIBLINEAR L2-regularized logistic regression [22]
to implement the classifier for our experiments.
Our baseline system is LM which uses only longest matching algorithm and the rule to compose all consecutive UPPER
syllables into a word. Longest matching algorithm is only used
for phrases which have LOWER syllable(s) and do not consist
of any NUMBER or OTHER syllable. This system can gain
an F-measure of 97.21%, however, it obviously cannot resolve
overlap ambiguity and out-of-vocabulary problems. Moreover,
the rule for proper names is too much greedy and fails in
many cases. Meanwhile, if we only utilize the classifier using
logistic regression in system LR, the result is much better. The
regression model can handle many cases of overlap ambiguity
and out-of-vocabulary and provide a better way to detect
proper names. Combining these two components to LM + LR
system provides a slightly increased accuracy compared to LR
system. The precision ratio is higher because LM + LR is able
to cover all the over-2-syllable words that the LR system fails
to catch. However, its recall ratio is decreased because of the
inconsistency of those words in the training data and rarely
ambiguous cases.
Post-processing for LR makes a significant impact on the
result of segmentation. LR + Post system, which adds postprocessing after LR system, can reach the highest recall ratio
of 98.99%. Our whole system which is composed of all
components (LM + LR + Post) makes the best result at 98.82%
for F-measure. Obviously, performance of post-processing is
mainly based on threshold r. In this experiment, we use
r = 0.33 which helps to gain the best result. In the next
section, we take a deeper look into how to choose a proper
threshold r and discuss about its affection to the final result.
C. Discussion on threshold r and post-processing
Choosing a proper threshold r depends on the quality
of dictionary and how well the machine learning process
performs. It can be described that if we choose a high r, it
means we rely on the dictionary more than the result of the
classifier, and otherwise. Figure 3 depicts our analysis on the
affection of threshold r to our system.
Due to the analysis, we can conclude that our system’s
results on Vietnamese Treebank corpora is not too sensitive
with the variability of r in a wide range from 0.25 to 0.40.
However, the high similarity between domains of the training
data and test set is one reason for the high performance of
our system. To adapt for other domains, it may face more
problems with new words which even the dictionary cannot
cover. In this situation, a validation set is needed in order to
choose a proper threshold r for new domain.
D. Comparison to other toolkits
Our approach is compared to other approaches that have
been presented in other studies. The accuracy figures are
depicted in Table III.

Table I
F EATURE TEMPLATES USED FOR LOGISTIC REGRESSION .
No.
1
2
3
4
5
6
7
8

Template
(fi ), i = −2, −1, 0, 1, 2
(fi , fi+1 ), i = −2, −1, 0, 1
(ti ), i = −2, −1, 0, 1, 2
(ti , ti+1 ), i = −2, −1, 0, 1 and ti 6= LOW ER
(ti , ti+1 , ti+2 ), i = −2, −1, 0 and ti 6= LOW ER
(t0 = t1 = LOW ER and f0 = f1 )?
(t0 = t1 = U P P ER and isV N F amilyN ame(s0 ))?
(t0 = t1 = U P P ER and isV N Syllable(s0 ) and !isV N Syllable(s1 ))?

Table II
A CCURACIES OF SUB - SYSTEMS (%).
Sub-system
LM
LR
LM + LR
LR + Post
LM + LR + Post

P
97.11
97.95
98.11
98.59
98.77

R
97.31
98.29
98.16
98.99
98.87

F
97.21
98.12
98.14
98.79
98.82

Figure 3. Affection of threshold r on word segmentation result.

Our system provides better result compared to other toolkits
on Vietnamese Treebank corpus. It should be repeated that
our classifier does not take information from the dictionary.
We suspect that this is the reason why it performs better than
other stochastic-based toolkits, DongDu and JVnSegmenter.
vnTokenizer [1], which uses regexes to cover proper names
before handling normal words, fails in many cases where
upper-case syllables appear consecutively. It is obvious that
statistical systems can perform better than vnTokenizer because the training data is not too different from the test set in
term of content domain.
To make another comparison, we retrained each toolkit
using the full corpus of Vietnamese Treebank and then evaluated them on an independent test set that consists of 10 files
from 800001.seg to 800010.seg provided by VLSP project.
From Table III, we can see that performances of statistical
segmentation systems are decreased considerablely, because
the new test set has a totally different domain, with many new
words that have not appeared in neither the training data nor
the dictionary of these systems. Our system with the main
component using logistic regression is not an exception but

it still has a good performance because of the simple feature
set which does not make use of information from dictionary.
vnTokenizer performs quite stablely and its result is slightly
increased. Notablely, vnTokenizer’s dictionary has more than
40k words [1], this number of ours is 32k. Although having
a poorer dictionary, our system is still able to outperform
vnTokenizer.
Moreover, we also collected a corpus of 1k articles from
Vietnamese online newspapers to measure segmentation speed
of toolkits. Except DongDu which is developed in C++,
the other toolkits are developed in Java. The evaluation is
processed on a personal computer with 4 Intel Core i5-3337U
CPUs @ 1.80GHz and 6GB of memory. The results is reported
in Table IV. Our system can run faster than other toolkits.
DongDu toolkit also utilizes LIBLINEAR for machine learning, however, its feature set is much more complicated and
its LIBLINEAR version is older than ours. We suspect these
are the reasons why DongDu’s speed is not as high as our
system’s. vnTokenizer and JVnSegmenter were written in old
versions of Java. Their code to process on String seems to be
inefficient so that their speeds are quite low.
E. UETsegmenter
Our toolkit used for the above experiments is written in Java
and called UETsegmenter. It provides APIs for Vietnamese
word segmentation using a pretrained model and also some
methods for training and testing new models. The toolkit and
related resources are freely available for download3.
VI. C ONCLUSIONS
In this paper, we propose a hybrid approach to Vietnamese
word segmentation using longest matching and logistic regression. We cast this task as a binary classification problem
for white spaces and the results show that longest matching
algorithm, logistic regression combining with our simple postprocessing techniques helps to gain high accuracy. Our system
can reach state-of-the-art result at 98.82% for F-measure while
evaluating on Vietnamese Treebank corpus. Moreover, the
system can perform at a high speed of 34k tokens per second.
For future works, we will make a deeper study on the affection
of dictionary and the classifier on choosing proper threshold
and extend post-processing to deal with other cases. We will
also find an efficient way to enrich the dictionary to produce
a better segmentation system.
3 https://github.com/phongnt570/UETsegmenter

Table III
A CCURACY COMPARISON (%).
Toolkit
vnTokenizer
JVnSegmenter - Maxent
JVnSegmenter - CRFs
DongDu
Ours

P
97.61
97.18
97.58
97.44
98.77

10-fold CV
R
F
96.86
97.23
97.28
97.23
97.68
97.63
98.01
97.72
98.87
98.82

Independent test set
P
R
F
96.98
97.69
97.33
96.60
97.40
97.00
96.63
97.49
97.06
96.35
97.46
96.90
97.51
98.23
97.87

Table IV
S PEED COMPARISON .
Toolkit
Speed (tokens/s)

JVnSeg (CRFs)
764

JVnSeg (MaxEnt)
1082
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