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Big data technology is designed to address the challenges of
the three Vs of big data, including volume (massive amount of
data), variety (a range of data types and sources), and velocity
(speed of data in and out). Big data is often captured without
a specific purpose, leading to most of it being task-irrelevant
data. The most important feature of data is neither the
volume nor the other Vs, but its value. While big data is the
technological foundation for data-driven business decision-
making, smart data is an organized way to semantically
compile, manipulate, correlate, and analyze different data
sources.

To deal with the volume, the semantics technology facili-
tates better decision-making by converting massive amount
of data into abstraction, meanings, and insights. Neural
network algorithms offer advantages for deep learning and
exploit the whole, rather than parts, of the data. The article
“A New Data Representation Based on Training Data Charac-
teristics to Extract Drug Name Entity in Medical Text” by M.
Sadikin et al. proposes three data representation techniques
to analyze the characteristics of word distribution and word
similarities as a result of word-embedding training. These
techniques include multilayer perceptrons, deep-network
classifiers (deep belief networks, stacked denoising encoders),
and long short term memory. In the article “Objects Classifi-
cation by Learning-Based Visual SaliencyModel and Convolu-
tional Neural Network” byN. Li et al., a neuroscience-inspired
classification method is proposed to simulate the human
visual information processing mechanism. This method
combines both visual attention model and convolutional
neural network to increase the accuracy of classifying objects,

especially in biology. S. Bi et al. propose a force-directed
method using a fracture mechanic model to learn word
embedding in the article “Fracture Mechanics Method for
Word Embedding Generation of Neural Probabilistic Linguistic
Model.” The method aims to improve the accuracy, recall,
and text visualization of traditional language models, and a
word embedding, a semantic vector representation, could be
generated via the neural linguistic model.

For the variety, integrating heterogeneous data sources
requires effective methods for providing well-defined ontolo-
gies and natural language processing. In the article “A
Character Level Based and Word Level Based Approach for
Chinese-Vietnamese Machine Translation” by P. Tran et al., a
hybrid method is proposed to translate one natural language
to another (e.g., from Chinese to Vietnamese) by combin-
ing strengths of statistics-based and rule-based translation
approaches at both character and word levels. In addition
to using bilingual corpora, this method takes advantage of
translation and word-reordering capabilities of the statis-
tical machine translation and the translation accuracy of
the rules. The approach in the article “N-Gram-Based Text
Compression” by V. H. Nguyen et al. presents an efficient
method for compressing texts (in Vietnamese) by using 𝑛-
gram dictionaries.This approach improves compression ratio
and compression and decompression times compared with
other methods.

To address the velocity, the ontology evolution techniques
support dynamically, flexibly, and adaptively creating models
of new objects, concepts, and relationships and using them to
better understand new cues in the data that capture rapidly
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evolving events and situations. The article “Social Media
Meets Big Urban Data: A Case Study of Urban Waterlogging
Analysis” by N. Zhang et al. proposes a transfer-learning
method to analyze urban waterlogging disasters in traffic
operations management. It uses social media and satellite
data; analyzes the correlation between severity, road net-
works, terrain, and precipitation; and adopts a multiview
discriminant transfer-learningmethod to transfer knowledge
among cities, as effectively applied in some cities in China
and India. The article “Automatic Construction and Global
Optimization of a Multisentiment Lexicon” by X. Yang et
al. proposes an automatic construction and a global opti-
mization framework of a multisentiment lexicon based on
constraints of coordinate offsets.Themethod performs statis-
tical training on a large corpus using neural network model,
implements a sentiment disambiguation algorithm (based
on word distribution density to distinguish the sentiment
polarities in different contexts), and further integrates various
human-annotated resources to learn the 10-dimensional
sentiment lexicon for the optimization.

Different approaches are proposed to solve different prob-
lems in various areas.They aim to be accurate, actionable, and
agile to feed smarter decision-making. Smart data harnesses
the 3V-challenges and adopts semantics and neuroscience on
the data to extract its value, the meeting point of the big data
and the semantics.

Trong H. Duong
Hong Q. Nguyen

Geun S. Jo
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Manual annotation of sentiment lexicons costs too much labor and time, and it is also difficult to get accurate quantification of
emotional intensity. Besides, the excessive emphasis on one specific field has greatly limited the applicability of domain sentiment
lexicons (Wang et al., 2010). This paper implements statistical training for large-scale Chinese corpus through neural network
language model and proposes an automatic method of constructing a multidimensional sentiment lexicon based on constraints
of coordinate offset. In order to distinguish the sentiment polarities of those words which may express either positive or negative
meanings in different contexts, we further present a sentiment disambiguation algorithm to increase the flexibility of our lexicon.
Lastly, we present a global optimization framework that provides a unified way to combine several human-annotated resources
for learning our 10-dimensional sentiment lexicon SentiRuc. Experiments show the superior performance of SentiRuc lexicon in
category labeling test, intensity labeling test, and sentiment classification tasks. It is worth mentioning that, in intensity label test,
SentiRuc outperforms the second place by 21 percent.

1. Introduction

Opinion mining and sentiment analysis of online text have
become a hot research area in recent years, which includes
opinion summarization and sentiment classification. Most
of these tasks would benefit from a high quality sentiment
lexicon which could provide excellent sentiment features
when no training data is available.

The primary form of sentiment lexicons is binary anno-
tation with positive and negative labels, such as Sentiwordnet
developed by Italian Information Technology Research Insti-
tute [1, 2], the Chinese general sentiment lexicon (NTUSD)
[3] annotated by TaiwanUniversity, the Chinese emotion dic-
tionary from the Chinese Academy of Sciences, and English
Xsimilarity. Multiple sentiment lexicons with assignments
of the strength of sentiments are also constructed, such
as the Affective Lexicon Ontology of Dalian University of
Technology (DUT Ontology) [4]. To determine the word-
level strength of sentiment, manual methods, supervised

methods employing WordNet or other semantic resources,
and unsupervised approaches based on large-scale corpus
were proposed. But few works evaluated and optimized the
accuracy of intensity annotation by introducing all possible
linguistic heuristics.

In recent years, driven by diverse tasks in different fields,
both the polarity word and its related target are included as
a sentiment item. However, the application areas of such 2-
tuple lexicons as ⟨polarity word, target⟩ are strictly limited to
one specific field, and also the size of such lexicons could eas-
ily explode with the growth of training data, which causes the
problem of sparseness of features. Massive online text makes
the limitations of domain sentiment lexicons increasingly
apparent, especially when the sentiment classification tasks
vary in different areas. Thus, a general and adaptable lexicon
is important for sentiment analysis to avoid this problem.

This paper presents a method of automatic construction
and optimization of a multisentiment lexicon through statis-
tical analysis of a massive online corpus.The main content of
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this paper is as follows. First, we use neural network language
model to obtain distributed representations of words from
a massive online corpus (Sogou News Corpus, 3.17 GB) [5].
Second, we study the categorization of sentiments and select
seed words for each category. After that, polarity words
are selected and the semantic distances between polarity
words and seed words are calculated with the distributed
representations. The distance values are then converted into
sentiment intensity through appropriate constraints. Finally,
we evaluate the lexicon by combining linguistic heuristics
in an optimization framework. Besides, we study sentiment
tendency disambiguation method to improve the semantic
description capability of our lexicon.

The remainder of this paper is organized as follows. In
Section 2, we introduce some related works. The principle of
automatic construction of SentiRuc is proposed in Section 3.
Section 4 introduces a unified optimization framework.
Experiments and evaluations are reported in Section 5. We
conclude the paper in Section 6 with future researches.

2. Related Work

Many Chinese sentiment lexicons, such as NTUSD, HowNet,
and DUT Affective Lexicon Ontology, are manually anno-
tated to ensure the lexicon’s coverage and effectiveness. But
manual methods usually cost too much labor and time and
also tend to be subjective; the coverage is also a concern. To
provide more granularities, it is necessary to introduce sta-
tistical language model to automatically annotate sentiment
category and intensity.

To label the sentiments, we should first study the sen-
timent categorization. As early as 1957, Osgood distributed
human emotion to three aspects: strong and weak, good
and bad, active and passive [6]. In 2012, Liu et al. presented
the DUT Affective Lexicon Ontology which contains 7
sentiments: happiness, liking, anger, sadness, hate, fear, and
surprise [5]. QuanChangqin constructed Ren-CECps with 8
kinds of sentiments: expectation, joy, love, surprise, anxiety,
sorrow, angry, and hate [7]. But existing categorizations of
emotions are asymmetric. For example, there is no opposite
emotion of “surprise” or “fear,” which can cause incon-
venience in feature extraction and selection in supervised
methods of sentiment analysis. Besides, there is coupling
between emotion categories, such as “praise” and “like.”
Therefore, sentiment classification needs to be investigated to
suit both psychology and computational linguistics.

In addition to qualitative labeling, the sentiment intensity
needs to be annotated quantitatively. A lot of the existing
lexicons are manually annotated, including WordNet [8],
General Inquirer [9], and HowNet [10]. To avoid the low
efficiency and subjectivity of manual work, bootstrapping
methods have been widely used. It is usually assumed that
several seed words of known polarities are provided and
different heuristics are adopted as the propagation strategy
to infer the unknown sentiment polarities of other words.
He sent the entries of HowNet into Google search and
selected seed words according to the count of search results
[11]. Li et al. introduced Pagerank to determine the polarity

of words [12]. Each word is taken as a node in a graph,
and HowNet is used to calculate the semantic similarity
between seed words and candidate words as edge weights.
The performance of these supervised methods is dependent
on or limited by the accuracy of the third party tools or data.
One possible way to solve this problem is to use unsupervised
methods to obtain sentiment intensity from other corpuses
or semantic resources. Colace et al. [13] construct the Mixed
Graph of Terms by extracting 2-tuples like ⟨side, evaluation⟩
from comment text, and each item’s intensity is inferred
according to the domain knowledge in the Mixed Graph.
Mukkamala et al. [14] define the expression of emotion
as a fuzzy set of 4 elements ⟨topic, keyword, object, and
tendency⟩.The relation strength of every 2 sets is determined
through a membership function based on set theory and
fuzzy logics. Turney and Littman [15] propose a semantic
classification method based on emotional phrases. He first
extracts the adjective or adverb phrases according to several
defined templates and calculates the mutual information
between words and phrases to determine the tendency and
intensity of sentiment words. These unsupervised methods
offered a lot of experience and help to us, but there is still
much dependence on the accuracy of choosing, recognizing,
and extracting various kinds of relationships of sentiment
items.

Therefore, it is important to optimize the collection of
sentiment lexicon entries and the intensity labeling. Chen
et al. [16] construct polar square error function to decide if
two entries have the same sentiment tendency and present
an iterative expansion method. Turney and Littman [15] try
to rationalize the intensity assignment by comparing the
cooccurrence parameter of entries and seed words. Wang et
al. [17] and Jo and Oh [18] both take tendency annotation as
a by-product of sentiment classification task and yet failed
to evaluate the annotation’s quality. Some scholars try to
introduce synonymous or antonymous relationships into the
evaluation framework to optimize the intensity labeling [19,
20]. Compared with our work, the optimization framework
of mentioned works is relatively simple and fails to take
multisentiment words into consideration, which may express
different tendency in various contexts.

Considering the above points, this paper presents an
unsupervised model of automatic construction of a multi-
sentiment lexicon based on WLI neural network language
model [21] and a global optimization framework. The main
contributions of this paper are as follows:

(1) We propose a new categorization of human emotions,
which makes the linguistic features more suitable for
computational analysis.

(2) We define the converting constraint set of distance
and sentiment intensity and present an automatic
construction model based on WLI language model.

(3) We present a global optimization framework based
on several manually annotated semantic resources,
to improve the semantic description of our lexicon
SentiRuc.
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3. Automatic Construction of SentiRuc

In this section, we present the “5 pairs with 10 polarities”
categorization of human emotions and automatically anno-
tate the multisentiment lexicon SentiRuc by defining the
converting constraint set of distance and sentiment intensity.
We also investigate the emotional disambiguation of multiple
affective words in this section.

We integrated the entries of NTUSD dictionary, HowNet
lexicon, and the DUTOntology as the entries of our SentiRuc
lexicon, which contains a total of 14250 emotional words.

3.1. WLI Language Model and the Categorization of Human
Emotions. Traditional binary sentiment labeling has gradu-
ally become unable to meet the development of sentiment
analysis tasks. The primary work of multiple sentiment
labeling is the categorization of human emotions. Section 2
has discussed relevant achievements and existing problems.
This paper takes the achievement of psychology, linguistics
theory, and computation characteristics into consideration
and categorizes human emotions to 10 categories: happy-
sad, like-hate, believable-unexpected, gratitude-angry, and
complementary-critical. Each pair contains 2 opposite senti-
ment polarities. Our goal is to annotate each sentiment word
W with a 10-dimensional sentiment vector Senti(W), and
the value of each dimension represents the intensity of the
corresponding sentiment tendency. In the following research,
the 10 words are directly adopted as seed words.

Words contain very rich meanings, and statistical lan-
guage models are used to extract those semantic features.
Given a corpus, neural network language model could map
words into a high dimensional continuous space. Word2Vec
is a tool based on deep learning and is released by Google
in 2013, which adopts two main language models: the
continuous bag of words model and continuous skip-gram
model [22]. Mikolov et al. also found that the representations
have very good linear semantic characteristics [23], so, in
2015, WLI neural network language model is presented to
decrease themodel complexity [21].We accumulate the offset
of corresponding dimensions of two-word representations
as the linear semantic distance between them and further
investigate how coordinate offset could affect word similarity.
In this paper, we use Sogou News Corpus as the training set,
which contains about 1.1 million different words.

3.2. Converting the Distances of Words into Word Similarities.
All word representations are located in a high dimensional
vector space, in which we determine an entry’s polarity
and intensity by computing the distance between the entry
and seed words. However, there are many words that could
express, for example, happiness. And it is difficult to choose
one as the only seed of “happy.” Here, to decrease the
deviation caused by subjectivity, we use coordinate offset
of word representations to list the 50 nearest neighbors of
“happy” and then manually choose several words as the seed
set of “happy.” For example, we collect all distances between
“bittersweet” and “happy” seeds and take the average distance
as the distance between “bittersweet” and “happy” emotion.

For any word W, we can obtain a 10-dimensional distance
vector Dis(W) and each dimension of Dis(W), respectively,
represents the distance betweenWandhappy, like, believable,
gratitude, complimentary, sad, hate, unexpected, angry, and
critical

Dis (bittersweet) = (1.13, 3.09, 3.70, 2.08, 4.45, 1.34,
4.14, 2.56, 5.41, 2.72) . (1)

Previous research pointed out that, generally, a word
mainly contains only one or two emotions [5], so we preserve
theminimum one or two distances in Dis(W) as effective dis-
tances. Larger distances will be abandoned, whichmeans that
those sentiments with lower similarities will be eliminated. If
threshold 𝑇 is assigned with 3.00 for the word “bittersweet,”
only 2 distances in Dis(W), happy 1.13 and sad 1.34, will be
retained, because the sum of the 2 distances has not reached
𝑇. That could be interpreted as “happy” and “sad” being the
main sentiments contained in “bittersweet.” Only these two
distances are retained and used in the followupwork and only
these 2 distances are retained and used as “effective distances”
in the followup work.

Paper [23] points out that linear coordinate offset between
word representations is directly associated with words’
semantic similarities. Therefore, we could annotate a word
W’s polarity intensity according to the coordinate offset
between W and seed words in the vector space of word
representations. Considering there could be more than one
effective distances in Dis(W), it is necessary to investigate
how different distributions of those distances impact words’
similarities. To solve the problem of converting distance
vector Dis(W) to sentiment vector Senti(W), we define 3
converting constraints.

Constraint 1 (diversity constraint). Each dimension of
Senti(W) is denoted as Senti(W)[𝑖] (𝑖 is an integer ranging
from 1 to 10), indicating wordW’s intensity of each sentiment
category. Senti(W)[𝑖] shall be negatively correlated with the
count of effective distances Count(Dis(W)), because it is
observed that words with more effective distances usually
lie farther away from each sentiment category, which could
be interpreted as the sentiment intensities being “distracted”
by various polarities. For example, “rage” is only 1.92 away
from the “angry” category, while “unfair” is 3.38 away from
“angry” and 5.05 away from “critical.”

Constraint 2 (self constraint). Each dimension of Dis(W) is
denoted as Dis(W)[𝑖] (𝑖 is an integer ranging from 1 to 10),
indicating the distance between word W and each sentiment
category. The intensity of a certain sentiment Senti(W)[𝑖]
shall be negatively correlatedwith the corresponding distance
Dis(W)[𝑖]. The fact is that, in word representations, smaller
distance indicates more semantic or pragmatic similarities.

Constraint 3 (global contrast constraint). The intensity of a
certain sentiment Senti(W)[𝑖] shall be negatively correlated
with the ratio of Dis(W)[𝑖] and the average effective dis-
tance Avg(Dis(W)). In a language, human habits cause big
difference in word frequencies, and collocation of words also
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divides words into various clusters. These both impact the
quantized word representations. For example, the effective
distance vector of “enjoy” is (2.09, 1.11, 0, 0, 0, 0, 0, 0, 0, 0)
and that of “enchanted” is (5.26, 3.87, 0, 0, 0, 0, 0, 0, 0, 0). The
global contrast constraint is used to eliminate this disparity.

From the converting constraints set we could derive the
generating formula of W’s sentiment vector Senti(W) as
follows:

Senti (W) [𝑖] = Diverge ⋅ Self ⋅ Contrast. (2)

Senti(W)[𝑖] indicates word W’s intensity of each senti-
ment category. The formula contains three factors: the factor
of diversity constraint Diverge, the factor of self constraint
Self, and the factor of global contrast constraint Contrast.
These factors can be, respectively, expressed as follows:

Diverge (Dis (W)) = 𝐶0
𝛼 ⋅ Count (Dis (W)) + 𝐶1 , (3)

Self (Dis (W)) = ( 𝐶2
Dis (W) [𝑖] + 𝐶2)

𝛽

, (4)

Contrast (Dis (W)) = (Avg (Dis (W))
Dis (W) [𝑖] )

𝛾

. (5)

In formulas (3), (4), and (5), Count(Dis(W)) represents
the count of effective distances and Avg(Dis(W)) is the aver-
age value of effective distances. According to constraints 1, 2,
and 3, the positive or negative correlation has already been
illustrated by denominators or numerators in formulas (3),
(4), and (5). 𝐶0, 𝐶1, and 𝐶2 are constants. In the experiments
in Section 5, we will introduce the assignments of 𝐶0, 𝐶1,
and 𝐶2. The 3 parameters 𝛼, 𝛽, and 𝛾,respectively determine
the effect of each constraint. The optimal parameters can be
trained through the optimization framework (Section 4).

Finally, to every sentiment word W, we annotate it in
our sentiment lexiconwith a 10-dimensional vector Senti(W).
The value in each dimension represents the similarity
between W and this sentiment, that is, W’s intensity of this
sentiment.

3.3. Sentiment Tendency Disambiguation Based on Word
Distribution Density. In Section 3 we introduced an auto-
matic method to identify a word’s polarity and intensity. But
some words convey different sentiment polarities in different
contexts. It would be inappropriate to annotate such words
in only one sentiment vector, so we investigate sentiment
disambiguation in this section. Chen et al. [24] pointed out
that “sentiment disambiguation is different from word sense
disambiguation” because, in a general sentiment lexicon, a
word’s sentiment tendency is not directly correlated with its
meaning.

We use a hybrid approach in screening multisentiment
words from our lexicon’s vocabulary. So far there is no effec-
tivemethod for automatic selection of multisentiment words.
We attempted to extract words which appear in different
synonym sets in “HIT Tongyicicilin” and “Synonym Lexicon
for Pupils” and take these words as the candidate set S of

multisentiment words. However, S shows good precision but
poor recall. For example, “naive” could convey both positive
and negative senses but is not covered in the candidate set.We
finally decide to manually select multisentiment words from
“HIT Tongyicicilin” and “Synonym Lexicon for Pupils” and
take these words as multisentiment word set SMultiSenti which
include altogether 148 entries.

Then, 113694 sentences containing words in SMultiSenti
are selected from Sogou News Corpus, and the sentiment
tendency of these words is annotated with a positive or
negative label. In a context window size of 16, the distribution
density of each context word is extracted and used as a feature
of SVM classifier. The distribution density of a context word
CW can be obtained by

𝜌CWpositive = Count (CWpositive)
Count (CW) ,

𝜌CWnegative = Count (CWnegative)
Count (CW) .

(6)

Count(CWpositive) represents the count of context
word CW in all sentences which have a positive W.
Count(CWnegative) is the count of CW in all sentences that
have a negativeW. Count(CW) is the total count of CW in all
sentences where W appears.

After the tendency disambiguation, a multisentiment
word W is split and segmented as two independent cases
Wpositive and Wnegative. The word representations would then
be trained again, and the sentiment vectors of Wpositive and
Wnegative could be generated through formula (2).

4. Global Optimization Framework

Section 3 presented a converting constraint set, and our
lexicon SentiRuc is preliminarily generated. This section
establishes a unified form of evaluation function to study
the effects of various constraints. We’ve collected data from
HIT Tongyicicilin, Synonym Lexicon for Pupils, Antonym
Lexicon for Pupils, and the dataset of NLPCC 2013 Compe-
tition and NLPCC 2014 Competition. These datasets are all
manually constructed resources and thus could be regarded
as gold standards. The error function is used to evaluate the
deviation between SentiRuc and those gold standards, and
our goal is to find a set of parameters that minimizes the
deviation.

4.1. Synonymous Relationship. IfW1 andW2 are annotated as
a pair of synonyms inHIT Tongyicicilin or Synonym Lexicon
for Pupils, we can infer that their sentiment polarities and
intensities tend to be similar. To formalize this intuition,
we accumulate the deviation of sentiment intensity of W1
andW2 on corresponding dimensions in SentiRuc.The error
function is shown as follows:

𝑓1 (𝐷) = 1𝐷1 ∑𝐷1 ,𝑖
Senti (W1) [𝑖] − Senti (W2) [𝑖]
Senti (W1) [𝑖] + Senti (W2) [𝑖] . (7)

Senti(W)[𝑖] indicates word W’s intensity of each sen-
timent category. In formula (7), W1 and W2 are labeled
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as synonyms and Pair(W1,W2) ∈ 𝐷1, |𝐷1| is the count
of synonym pairs. 𝑓1(𝐷) represents the average deviation
of sentiment intensity of W1 and W2 on corresponding
dimensions, when W1 and W2 are in both SentiRuc and
synonym resources. 𝑓1(𝐷) varies with parameters 𝛼, 𝛽 and
𝛾 in Formulas (3), (4), and (5).

4.2. Antonymous Relationship. If W1 and W2 are annotated
as a pair of antonyms in Antonym Lexicon for Pupils, we can
infer that they shall have opposite sentiment polarities, where
the intensities tend to be similar. In accordance with this
intuition, we accumulate the deviation of sentiment intensity
ofW1 andW2 on opposite dimensions in SentiRuc.The error
function is shown as formula (8)

𝑓2 (𝐷) = 1𝐷2 ∑𝐷2 ,𝑖,𝑗
Senti (W1) [𝑖] − Senti (W2) [𝑗]
Senti (W1) [𝑖] + Senti (W2) [𝑗] . (8)

Senti(W)[𝑖] indicates word W’s intensity of each senti-
ment category. In formula (8), W1 and W2 are labeled as
antonyms (Pair(W1,W2) ∈ 𝐷2), and 𝑖, 𝑗 are the indices of
opposite sentiments in sentiment vectors ofW1 andW2. |𝐷2|
is the count of antonym pairs. 𝑓2(𝐷) represents the average
deviation of sentiment intensity of W1 and W2 on opposite
dimensions, when W1 and W2 are in both SentiRuc and
antonym resources. 𝑓2(𝐷) varies with parameters 𝛼, 𝛽, and
𝛾 in formulas (3), (4), and (5).

4.3. Sentiment Ratings at the Sentence Level. If the annotation
of SentiRuc could contribute more in relevant tasks, the
sentiment classification result using SentiRuc shall be closer
to human judgment than that using other lexicons. We select
6000 sentences from the dataset of NLPCC 2013 Competition
and NLPCC 2014 Competition and label the sentences with
a “main sentiment” and an optional “subsentiment,” which
are both involved in the 10 sentiment categories of SentiRuc.
For a certain set of parameters in formulas (3), (4), and
(5), we generate an individual annotation of SentiRuc for
the sentiment classification task. The sentence-level error
function is constructed by Jaccard similarity of classification
result and labeled result, represented as follows:

𝑓3 (𝐷) = 1𝐷3∑𝐷3
Jaccard (Label (𝑑𝑖) , Sentence (𝑑𝑖)) . (9)

𝑑𝑖 is the identifier of each sample. |𝐷3| is the number of
sentences contained in the dataset. Label(𝑑𝑖) represents the
labeled sentiment vector of a sentence and Sentence(𝑑𝑖) is the
classified sentiment vector using SentiRuc. 𝑓3(𝐷) shows the
average of Jaccard similarity of each sentence’s labeled result
and classification result. 𝑓3(𝐷) varies with parameters 𝛼, 𝛽,
and 𝛾.
4.4. The Global Error Function. By combining the above
three evaluation methods we obtain the global optimization
framework based on manually constructed resources, as
shown in Figure 1.

The global error function is
𝑓 (𝐷) = 𝑓1 (𝐷) + 𝑓2 (𝐷) + 𝑓3 (𝐷) . (10)
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Figure 1: The global optimization framework.

The global error 𝑓(𝐷) varies with parameters 𝛼, 𝛽, and 𝛾
in formulas (3), (4), and (5). By minimizing 𝑓(𝐷)we can find
the optimal parameter set argmin(𝑓(𝐷)).
5. Experiments

We first evaluate the generating process of SentiRuc and
then verify the availability of SentiRuc. To evaluate the ratio-
nality of the generating process, we design the parameters
tuning experiment to prove the rationality of constraint set
(Section 5.1) and verify the validity of sentiment tendency
disambiguation method (Section 5.2). To test the availability
of SentiRuc, we compare the qualitative and quantitative
annotation of SentiRuc with other lexicons (Section 5.3) and
investigate the performance of different lexicons in sentiment
classification tasks (Section 5.4). NTUSD Lexicon of Taiwan
University, HowNet sentiment lexicon, and DUT Ontology
are all involved in the experiments.

In all experiments, the threshold distance value 𝑇 is
assigned with Avg(Dis(W)) so that only one or two kinds
of sentiments would remain for each word. The parameter
𝐶0 in formula (3) is set to 10, representing the number of
sentiment categories. 𝐶1 is set to 8, which means the number
of sentiment categories minus the maximum remaining
sentiments (10 − 2 = 8). 𝐶2 is set to 3.38, representing the
average coordinate offset between every two words included
in SentiRuc. The dimension number of word representations
is 60. Eithermore or less dimensionswould increase the value
of error function of the intensity annotating result.

Sogou News Corpus (3.17 GB) is used as the training
text set. After segmentation by ICTCLAS 5.0 developed by
ChineseAcademy of Sciences, this corpus contains about 0.83
billion words, and the vocabulary size is 1,104,914. We do not
have any other preprocessing of the data, so it can be ensured
that every n-gram sample is a real Chinese word sequence
and also that the word representations can show the actual
semantic distribution of each word.

5.1. Evaluation of the Generating Constraint Set. Section 3
introducedhow to automatically annotate themultisentiment
lexicon SentiRuc by defining the converting constraint set of
distance and sentiment intensity. Section 4 presented a global
optimization framework to optimize the parameters. We first
set 𝛼, 𝛽, and 𝛾 to 1 as the baseline experiment. If a parameter
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Table 1: The tuning of generating parameters.

𝛼 𝛽 𝛾 𝑓(𝐷)
Baseline 1 1 1 2.301

Dropping
one
constraint

0 1 1 2.402
1 0 1 2.660
1 1 0 2.599

Parameter
tuning

1.875 1 1 2.123
1.875 1.075 1 2.046
1.875 1.075 1.145 1.972

is set to zero, it can be regarded as if this parameter is ignored.
We conduct some contrast experiments where one parameter
is dropped out in each experiment.The experimental result of
𝑓(𝐷) with the parameters is shown in Table 1.

It can be seen that dropping any constraintwould increase
the global error, which indicates that all constraints are
useful in computing the intensity of SentiRuc. When 𝛽 is
dropped,𝑓(𝐷) increases themost, which suggests that the self
constraint contributes the most. It means that the intensity of
a certain sentiment is remarkably negatively correlated with
the corresponding distance, which proves the rationality of
our method based on word representations. Then we try to
find the optimal parameter set through variable-controlling
method. As shown in the bottom three rows, the global error
is further decreased, and the optimal parameter set is listed
in the bottom line.

5.2. Evaluation of Tendency Disambiguation. Section 3.3
introduced how the 148 multisentiment words are selected.
FromSogouNewsCorpuswe collect sentenceswhich contain
these multisentiment words and label a multisentiment word
W with “1” when W expresses positive tendency and with
“2” if W contains negative tendency. To ensure excellent
label result, eight Chinese native speakers participated in
the annotating work. Every researcher made independent
annotation of about 50 thousand sentences and each sentence
is annotated by 4 researchers. If there is confliction in a
sentence’s label result, we made the final result through a
panel discussion. In total, 113,694 sentences are annotated
with positive tag or negative tag.

According to the labeled result, the tendency disambigua-
tion algorithm based on word distribution density, which is
introduced in Section 3.3, is used in the experiment. The
experimental results of tenfold cross validation are shown in
Table 2.

The overall disambiguation accuracy of all 148 words in
the 113,694 sentences reaches 95.52%. The entries “epigone”
and “yes-man” get the lowest accuracy, mainly due to the
limited training data caused by their low occurrence. Gen-
erally, this experiment result shows that our disambiguation
algorithm can effectively distinguish different tendencies of a
word.

5.3. Evaluation of the Annotation’s Quality of Sentiruc. The
sentiment polarity and intensity of SentiRuc are both drawn

Table 2: Experiments of sentiment disambiguation.

Target Samples Accuracy
Overall 148 words 113694 95.52%

Highest accuracy 滋生 breed 3095 98.71%
幼稚 naive 1924 98.70%

Lowest accuracy 息事宁人 yes-man 281 87.90%
萧规曹随 epigone 130 61.54%

Table 3: Evaluation of synonyms in each lexicon.

Lexicons Synonyms Category
consistency

Intensity
consistency

NTUSD 2179 87.29% —
HowNet 2500 89.04% —
DUT 2500 88.44% 70.89%
SentiRuc 2500 91.88% 92.54 %

from a Chinese corpus of GB grade level; therefore, its
semantic description should be closer to actual semantic
distribution than manually constructed lexicons. We try to
evaluate the annotation quality of several existing lexicons
by analyzing their sentiment category consistency (qualitative
evaluation) and sentiment intensity consistency (quantitative
evaluation). Sentiment category consistency examines the
similarity of synonyms’ (or antonyms’) tendency annotation
in SentiRuc. Sentiment intensity consistency refers to the
similarity of synonyms’ (or antonyms’) intensity annotation
in SentiRuc.

HIT Tongyicicilin and Synonym Lexicon for Pupils
contain 55,265 synonyms, from which we selected 2500
synonyms as the test dataset Ssyn2500. The 1774 antonyms
in Antonym Lexicon for Pupils are taken as test dataset
Sant1774. Multisentiment words are not included in Ssyn2500 or
Sant1774. The intensity consistency Valuesynonym and intensity
consistency Valueantonym can be expressed as

Valuesynonym

= 1 − 1𝐷same
∑

Senti (W1) [𝑖] − Senti (W2) [𝑖]
Senti (W1) [𝑖] + Senti (W2) [𝑖] ,

Valueantonym

= 1
− 1𝐷oppo

∑Senti (W1) [𝑖] − Senti (W2) [𝑖 + 5]
Senti (W1) [𝑖] + Senti (W2) [𝑖 + 5] .

(11)

Senti(W)[𝑖] (𝑖 is an integer ranging from 1 to 5) indicates
wordW’s intensity of each positive sentiment category.𝐷same
and 𝐷oppo represent the count of corresponding dimensions
which are annotated with nonzero value.

The evaluation result of synonyms is in Table 3 and that
of antonyms is shown in Table 4.

Tables 3 and 4 indicate that, in SentiRuc, the tendency
annotation of synonyms and antonyms are both closer to
manually labeled resources than other sentiment lexicons.
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Table 4: Evaluation of antonyms in each lexicon.

Lexicons Antonyms Category
consistency

Intensity
consistency

NTUSD 1450 84.00% —
HowNet 1772 86.51% —
DUT 1774 85.40% 67.55%
SentiRuc 1774 87.94% 91.62 %

In the condition that each word’s sentiment intensity is
computed independently, the intensity consistency of syn-
onyms and antonyms in SentiRuc reaches 92% and 91%.This
score is up to 20 percentage points higher than the manual
intensity annotation ofDUTOntology,which is farmore than
expected.The results prove the effectiveness of the converting
constraint set and formula (2) and also indicate that SentiRuc
has better semantic descriptiveness.

5.4. Evaluation of SentiRuc in Sentiment Analysis Tasks.
This experiment investigates the performance of sentiment
analysis task using different lexicons. 3,100 sentences are
selected from NLPCC 2013 Competition and NLPCC 2014
Competition and 3,700 sentences containing one of the 148
multisentiment words are selected from Sina Microblog. All
6,800 sentences are labeled with a “main sentiment” and an
optional “subsentiment” tag.We define 2-gram part of speech
(2-POS) and 3-gram part of speech (3-POS) for every labeled
sample and extract sentiment tendency features with the help
of SentiRuc. SVM is used in the multivariate classification
experiments. Compared with human annotation result, the
accuracy of the multivariate classification reaches 62.0%.

In order to facilitate the comparison of different lexicons,
we also conduct binary classification experiments (positive
or negative). Each of the 6,800 sentences is labeled with a
“positive” or “negative” tag by four Chinese native speakers.
The other 3200 objective sentences without affection are also
labeled with “neutral” and added in the test dataset. For
each sentence, we extract the 2-POS and 3-POS features and
identify sentiment features with the help of SentiRuc. We
use SVM classifier to implement tenfold cross validation. In
addition, we also investigate the performance of SentiRuc
before and after the tendency disambiguation.The results can
be evaluated by

Precision = Result Correct
Result Proposed

× 100%,

Recall = Result Correct
Result Labeled

× 100%,

𝐹-measure = 2 × Precision × Recall
Precision + Recall × 100%.

(12)

Result Correct is the number of sentences that are cor-
rectly labeledwith “positive” (or “negative”). Result Proposed
is the number of sentences labeled with “positive” (or “neg-
ative”) by SVM model. Result Labeled is the number of
sentences manually labeled with “positive” (or “negative”).
The result is shown in Table 5.

Table 5: Sentiment classification based on different lexicons.

Result of positive text
Lexicon Precision Recall 𝐹1
NTUSD 0.603 0.375 0.462
HowNet 0.728 0.540 0.620
DUT 0.721 0.552 0.593
SentiRuc (before
disambiguation) 0.744 0.588 0.657

SentiRuc (after
disambiguation) 0.782 0.678 0.726

Result of negative text
Lexicon Precision Recall 𝐹1
NTUSD 0.480 0.319 0.383
HowNet 0.611 0.451 0.519
DUT 0.572 0.445 0.501
SentiRuc (before
disambiguation) 0.633 0.468 0.538

SentiRuc (after
disambiguation) 0.671 0.589 0.627

Table 5 indicates that the F-measure of positive and
negative classification using SentiRuc is apparently higher
than those using other lexicons. In all 6800 subjective
sentences, the sentences containing multisentiment words
account for 54.4% and such a high percentage results in an
apparent difference before and after disambiguation. Such
a high percentage also brings impact on the overall F-
measure on general domain text, respectively, 0.726 and 0.627.
Actually, on the 6300 sentences which do not contain any
multisentiment word, the F-measure of positive text and
negative text is, respectively, 0.817 and 0.742.

6. Conclusion

This paper presented an automatic construction and global
optimization framework of a multisentiment lexicon Sen-
tiRuc. The main jobs include the categorization of human
emotions, an automatic construction model based on WLI
language model, a global optimization framework based
on several manually annotated semantic resources, and the
disambiguation of multisentiment words. The experiment in
Section 5 indicates that SentiRuc performs well on general
dataset. Particularly, in intensity labeling test, SentiRuc out-
performs the second place by 21 percent, which proves that
statistical language modeling performs outstandingly in the
semantic representation of sentiments. Our lexicon is now
available online (https://pan.baidu.com/s/1jHAInlG).

It is difficult to directly compare existing lexicons because
of various sentiment categorizations. We will investigate
appropriate evaluation method of multiclass sentiment clas-
sification tasks.

Although Section 5 has shown the outstanding per-
formance of word representations in sentiment lexicon’s
construction, the unique features of word representations
still bring problems to text mining tasks. Firstly, statistical

https://pan.baidu.com/s/1jHAInlG
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languagemodels depend a lot on the correspondence of inner
semantics and outer grammars; thus, it is of great significance
to research how to comprehend and distinguish “similar”
words, “related” words, and their association with word
representations’ generating models. Secondly, similar words’
vectors only differ much at several specific dimensions and
further research on this kind of characterization is needed.
We will study weighted statistical language models and will
investigate the feasibility and effect of introducing various
vector operations into the estimation of semantic distances.
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We propose an efficient method for compressing Vietnamese text using n-gram dictionaries. It has a significant compression ratio
in comparison with those of state-of-the-art methods on the same dataset. Given a text, first, the proposed method splits it into
n-grams and then encodes them based on n-gram dictionaries. In the encoding phase, we use a sliding window with a size that
ranges from bigram to five grams to obtain the best encoding stream. Each n-gram is encoded by two to four bytes accordingly
based on its corresponding n-gram dictionary. We collected 2.5 GB text corpus from some Vietnamese news agencies to build n-
gram dictionaries from unigram to five grams and achieve dictionaries with a size of 12GB in total. In order to evaluate ourmethod,
we collected a testing set of 10 different text files with different sizes. The experimental results indicate that our method achieves
compression ratio around 90% and outperforms state-of-the-art methods.

1. Introduction

According to [1], data compression is a process of converting
an input data stream into another data stream that has a
smaller size. A stream can be a file, a buffer in memory, or
individual bits sent on a communications channel. The main
objectives of data compression are to reduce the size of input
stream and increase the transfer rate as well as save storage
space. Typically, data compression techniques are classified
into two classes, that is, lossless and lossy, based on the result
of the decompression phase.

Text compression is a field of data compression, which
uses the lossless compression technique to convert an input
file to another form of data file. It cannot use the lossy
compression technique because it needs to recover the exact
original file from the compressed file. If lossy compression
technique was used, the meaning of the decompression file
will be different from the original file. Several techniques
have been proposed for text compression in recent years.
Most of them are based on the same principle of removing or
reducing redundancies from the original input text file. The
redundancy can appear at character, syllable, or word levels.
This principle proposed a mechanism for text compression

by assigning short codes to common parts, that is, characters,
syllables, words, or sentences, and long codes to rare parts.

In recent years, several techniques have been developed
for text compression. These techniques can be further clas-
sified into four major types, that is, substitution, statistical,
dictionary, and context-based method. The substitution text
compression techniques replace a certain longer repetition of
characters with a shorter one. A technique that is a repre-
sentative of these techniques is run-length encoding [2]. The
statistical techniques usually calculate the probability of char-
acters to generate the shortest average code length, such as
Shannon-Fano coding [3, 4], Huffman coding [5], and arith-
metic coding [6, 7].The next type consists of dictionary tech-
niques, which involve substitution of a substring of text by an
index or a pointer code. They relate to a position in the dic-
tionary of the substring. Representatives of these techniques
are LZW [8], LZ77 [9], and LZ78 [10].The last type is context-
based techniques, which involve the use of minimal prior
assumptions about the statistics of the text. Normally, they
use the context of the text being encoded and the history of
the text to provide more efficient compression. Representa-
tives of this type are Prediction by Partial Matching (PPM)
[11] and Burrow–Wheeler transform (BWT) [12]. Every
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method has its own advantages and disadvantages when
being applied in a specific field. None of the above methods
has been able to achieve the best results in terms of compres-
sion ratio.

Normally, users will decide to choose the appropriate
method based on their purposes. With systems that allow
the reconstruction of information from the output not to
be exactly the same as the input, we can use lossy methods,
such as systems to compress images and voicemessages.With
systems that require the original data to be recovered exactly
from the compressed data, we must use lossless methods,
such as text compression systems.

This paper presents the first attempt at text compression
using n-gram dictionaries, and the contribution has three
attributes; that is, (1) it is a method for text compression
using n-gram dictionaries, (2) it collects the text corpus of
the Vietnamese language from the Internet and builds five
n-gram dictionaries with nearly 500,000,000 n-grams, and
(3) a test set of 10 different text files with different sizes to
evaluate our new systemand compare it withmy twoprevious
methods [13, 14] and also with other methods. The rest of
this paper is organized as follows. Section 2 presents earlier
work related to this effort. Section 3 presents our proposed
method, and Section 4 presents our experiments and results.
Our conclusions are presented in Section 5.

2. Related Work

In recent years, most text compression techniques have been
based on dictionary, word, or character levels [15–18]. Refer-
ence [15] proposed a method to convert the characters in the
source file to a binary code, where the most common charac-
ters in the file have the shortest binary codes and the least
common have the longest. The binary codes are generated
based on the estimated probability of the character within
the file and are compressed using 8-bit character word length.
In [16], the authors proposed a method that combined word
with LZW. First, their method splits input text to word and
nonword and then uses them as initial alphabet of LZW. Ref-
erence [17] proposed a technique to compress short text mes-
sages based on two phases. In the first phase, it converts the
input text consisting of letters, numbers, spaces, and punctu-
ation marks commonly used in English writing to a format
which can be compressed in the second phase. In the second
phase, it proposes a transformation which reduces the size of
the message by a fixed fraction of its original size. In [18], the
authors proposed a word-based compression variant based
on the LZ77 algorithm and proposed and implemented vari-
ous ways of sliding windows and various possibilities of out-
put encoding. In a comparison with other word-based meth-
ods, their proposedmethod is the best. In these research, they
do not consider the structure of words or morphemes in the
text.

In addition, there are some approaches to text compres-
sion based on syllables, BWT.These approaches involve some
languages that have morphology in the structure of words
or morphemes (e.g., German, Arabic, Turkish, and Czech)
such as in [19–23]. Reference [19] presented a new lossless text

compression technique which utilizes syllable-based mor-
phology of multisyllabic languages. The proposed method is
designed to partition words into its syllables and then to pro-
duce their shorter bit representations for compression. The
number of bits in coding syllables depends on the number of
entries in the dictionary file. In [20], the authors proposed
a genetic algorithm in syllable-based text compression. This
algorithm was used to determine for the characteristic of syl-
lables. These characteristics are stored into dictionary, which
is part of the compression algorithm and it is not necessary to
place them into compressed data. This leads to reduction of
used space. In [21, 22], Lansky and his colleagueswere the first
to propose a method for syllable-based text compression
techniques. In their papers, they focused on specification of
syllables, methods for decomposition of words into syllables,
and using syllable-based compression in combination of the
principles of LZW and Huffman coding. In [23], the authors
first proposed a method for small text file compression based
on the Burrow–Wheeler transformation. This method com-
bines the Burrow–Wheeler transformwith the Booleanmini-
mization at the same time.

In our previous papers for Vietnamese text compression
[13, 14], we proposed a syllable-based method based on mor-
phology and syllable dictionaries in [13]. With each morpho-
syllable, it is split into a consonant and a syllable, and they are
compressed based on their corresponding dictionaries. This
method has a compression ratio that converges to around
73%, and it is suitable for small text files. The method in
[14] compressed text based on a trigram model; it splits a
text file into trigrams and compresses these trigrams using
a trigrams dictionary. This method achieves an encouraging
compression ratio around 83%.

3. Proposed Method

In this section, we present a method for Vietnamese text
compression using n-gram dictionaries. This model has two
main modules. The first module is used for text compression
and the second module performs decompression. Figure 1
describes our text compression model. In our model, we use
n-gram dictionaries for both compression and decompres-
sion. We will describe the model in detail in the following
subsections.

3.1. n-GramTheory and Dictionaries

3.1.1. n-Gram Theory. In this paper, we use n-gram theory
mentioned from [24]: an n-gram is a contiguous sequence of
𝑛 items from a given sequence of a text or speech. An item can
be a phoneme, a syllable, a letter, a word, or amorphosyllable.
In general, an item is considered as an atomic unit. An n-
gram of one item, two items, or three items is referred to as
a “unigram,” a “bigram,” or a “trigram,” respectively. Larger
sizes are sometimes referred to by the number of items n, for
example, “four-gram” and “five-gram.”

3.1.2. Dictionaries. Since we focus on Vietnamese, we build
five different Vietnamese dictionaries of unigram, bigram,
trigram, four grams, and five grams corresponding to the
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Figure 1: n-gram-based text compression model.

Table 1: n-gram dictionaries.

n-gram dictionary Number of n-grams Size (MB)
1 7,353 0.05
2 20,498,455 474
3 84,003,322 1,586
4 169,916,000 4,155
5 225,203,959 6,800

number of grams compressed. Table 1 shows these dictionar-
ies with their number of n-grams and size. These dictionaries
have been built based on a text corpus collected from the
Internet. The size of the text corpus is around 2.5GB. We
use SRILM (http://www.speech.sri.com/projects/srilm/) to
generate n-grams for these dictionaries. To increase the
speed of searching in these dictionaries, we arranged them
according to the alphabet. Table 1 describes the size and
number of n-grams in each dictionary.

3.2. Compression. As presented in Figure 1, the compression
module takes a source text as an input and then passes the
text through two submodules, that is, n-grams parser and
compression unit, to compress it. In following subsections,
we explain in detail.

3.2.1. n-Gram Parser. n-gram parser has been used to read
a source text file, splits it to sentences based on newline,
and reads the number of grams in the combination with the
result of the compression unit. In n-gram parser, we use five
kinds of n-gram to store for unigram, bigram, trigram, four
grams, and five grams. Based on the result of the compression
unit, the n-gram parser decides how many grams will be
read next. Algorithm 1 shows the pseudocode of this phase.
If five grams was found in the five-gram dictionary, that is,
index > 0, the force four gram compression function would
be called to encode all previous n-grams (unigram, bigram,
trigram, and four grams); then the compress function would
be called to encode this five grams. Next, the n-gram parser
reads next five grams in the input string. Otherwise, it would

input: The source text file
output: The encoded stream

(1) inputstring = read source text file
(2) count = number of grams in the inputstring
(3) while 𝑐𝑜𝑢𝑛𝑡 ≥ 5 do
(4) st5 = get first five grams of the inputstring
(5) index = find(st5, five gram dict)
(6) if 𝑖𝑛𝑑𝑒𝑥 ≥ 0 then
(7) force four gram compression(st4)
(8) outputstring += compress(index, 5)
(9) delete first five grams of the inputstring
(10) count −= 5
(11) end
(12) else
(13) st4 += get first gram of the inputstring
(14) delete first gram of the inputstring
(15) count −= 1
(16) if number of grams of st4 = 4 then
(17) four gram compression(st4)
(18) end
(19) end
(20) end
(21) if 𝑐𝑜𝑢𝑛𝑡 > 0 then
(22) four gram compression(inputstring)
(23) end

Algorithm 1: Pseudocode of the compression phase.

split one leftmost gram of five grams for four grams and read
one gram more from the input string for five grams. When
the number of grams of four-gram was 4, it calls the four
gram compression function.

Algorithm 2 shows the pseudocode of the four gram
compression function.This function is used to compress four
grams if it occurs in four-gram dictionary. Otherwise, it splits
one leftmost gram of the four-gram variable for the trigram
variable. Similar to this function, we have the trigram com-
pression, the bigram compression, and the unigram com-
pression function.

http://www.speech.sri.com/projects/srilm/
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input: The four-gram string, in this case is st4
output: The encoded stream

(1) index = find(st4, four gram dict)
(2) if 𝑖𝑛𝑑𝑒𝑥 ≥ 0 then
(3) force trigram compression(st3)
(4) outputstring += compress(index, 4)
(5) delete content of st4
(6) end
(7) else
(8) st3 += first gram of st4
(9) delete first gram of st4
(10) if number of grams of st3 = 3 then
(11) trigram compression(st3)
(12) end
(13) end

Algorithm 2: Pseudocode of the four gram compression.

input: The four-gram string, in this case is st4
output: The encoded stream

(1) while number of grams of st4 > 0 do
(2) st3 += first gram of st4
(3) delete first gram of st4
(4) if number of grams of st3 = 3 then
(5) trigram compression(st3)
(6) end
(7) end
(8) force trigram compression(st3)

Algorithm 3: Pseudocode of the force four gram compression.

The force four gram compression is called to encode all
four-gram, trigram, bigram, and unigram when five-gram
variable is found in the five-gram dictionary. Similar to this
function, we have the force trigram compression, the force
bigram compression, and the force unigram compression
function (Algorithm 3).

3.2.2. CompressionUnit. Thecompression unit uses the result
from the n-gram parser to decide how many grams will be
compressed and what kind of n-gram dictionaries should be
used. Based on the number of n-grams in each dictionary, we
will construct the number of bytes to encode each n-gram
corresponding to the dictionary. Table 2 describes the num-
ber of bytes used to encode each n-gram of each dictionary.

To classify the dictionary that was used to encode each n-
gram and the other cases, we use three most significant bits
(MSB) of the first byte of each encoded byte. Table 3 describes
the value of these bits corresponding to each dictionary.

The index of each n-gram corresponding to each dictio-
nary is encoded in the bits after the first three bits of the first
byte. As seen in Table 3, there are two special cases for the
n-gram dictionary: a newline and a unigram that does not
appear in the unigram dictionary corresponding to a value of

Table 2: Number of encoded bytes for each n-gram of each dic-
tionary.

n-gram dictionary Number of n-grams Number of bytes
1 7,353 2
2 20,498,455 4
3 84,003,322 4
4 169,916,000 4
5 225,203,959 4

Table 3: Value of three MSB and number of bytes.

n-gram
dictionary Value of three MSB Number of bytes is read

more
1 0 0 1 1

2 0 1 0 3

3 0 1 1 3

4 1 0 0 3

5 1 0 1 3

Newline 1 1 0 0

Others 1 1 1
Value of five bits after

three first bits of current
byte

“newline” and “others.” In these cases, the compression unit
will encode as follows:

(i) When the result received from the n-gram parser is
the newline, the compression unit will encode the
value “110” for the first three bits of MSB, and the next
five bits of this byte will have the value “00000.”

(ii) When the result is the others, the three MSB of the
first byte are “111” and the next five bits of this byte
present the number of bytes which were used to
encode this gram.

3.3. Decompression. As seen in Figure 1, the decompression
module takes a compressed text as an input and then passes
the text through two submodules, that is, code reading unit
and decompression unit, to decompress it. We explain in
detail in following subsections.

3.3.1. Code Reading Unit. First, this unit reads the com-
pressed text from the compression phase.This result becomes
the input sequence of the code reading unit.The code reading
unit splits this input sequence byte to byte. Then, it reads the
first byte of the input sequence and splits and analyzes the first
three bits of this byte to classify the dictionary to which this
n-gram belongs. Based on this result, this unit will read more
bytes from the input sequence. Table 2 shows the number
of bytes that the code reading unit reads after the first byte
according to the classification of the dictionary. After reading
these bytes, it transfers them to the decompression unit and
repeats its work until the input sequence is null.
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input: The encoded stream
output: The decoded stream

(1) inputstring← encodedstream
(2) while length of inputstring > 0 do
(3) firstbyte = read first byte from the inputstring
(4) delete first byte of the the inputstring
(5) dict = get value of three bits of firstbyte
(6) if dict ≤ 5 then
(7) number = getnumberbytereadmore(dict)
(8) bytereadmore = read number byte more from the inputstring
(9) delete number byte of the inputstring
(10) indexstring = get last five bits of the firstbyte + the bytereadmore
(11) indexvalue = get value of the the indexstring
(12) output += decompress(indexvalue, dict)
(13) end
(14) else if dict = 6 then
(15) output += newline
(16) end
(17) else
(18) number = value of five last bits of the firstbyte
(19) bytereadmore = read number byte more from the inputstring
(20) output += decode for the bytereadmore
(21) end
(22) end

Algorithm 4: Pseudocode of the decompression phase.

3.3.2. Decompression Unit. This unit receives the results from
the code reading unit. It decodes these results according to
the classification of the dictionary as follows.

(i) Decode n-grams occurring in dictionaries

(1) Identifying the dictionary: based on the classifi-
cation dictionary from the code reading unit

(2) Identifying the index of an n-gram in the dictio-
nary: based on the value calculated from bytes
that were read by the code reading unit

(3) Decode n-gram: when the classification of the
dictionary has a value from one to five, the
decompression unit decodes the n-gram in the
dictionary based on the index of the n-gram

(ii) Decode n-grams that do not occur in dictionaries

(1) Decode newline: when the classification of dic-
tionary is a “newline,” it means that the value of
the first three bits is 110.The decompression unit
decodes a newline for this n-gram

(2) Decode others: when the classification of the
dictionary is “others,” based on the value of the
remaining bits of the first byte, the decompres-
sion unit will decode all bytes after the first byte

After finishing the decoding for one n-gram or other
cases, the decompression unit reads the next result from the
code reading unit and repeats the decompression tasks to
decode other n-grams or other cases until it reads the last
byte. Algorithm 4 shows the pseudocode of the decompres-
sion phase.

3.4. Compression Ratio. Compression ratio is used to mea-
sure the efficiency of the compression method. The stronger

the compression ratio is, the better the quality of this method
is. The compression ratio can be calculated by

CR = (1 − compressed file size
original file size

) × 100, (1)

where original file size is size of the original file and
compressed file size is size of the compressed file.

3.5. The Complexity of Our Method. Let 𝑛 be the number
of n-grams in the source text and a, b, c, d, and 𝑒 be the
number of five grams, four grams, trigrams, bigrams, and
unigrams, respectively, in dictionaries. Let 𝑘 be log

2
(𝑎) +

log
2
(𝑏)+ log

2
(𝑐)+ log

2
(𝑑)+ log

2
(𝑒). According to pseudocode

from Algorithm 1, in the worst case, all five grams, four
grams, trigrams, and bigrams do not occur in five grams, four
grams, trigram, and bigram dictionary, respectively. Hence,
the complexity of our method is 𝑂(𝑘 ∗ 𝑛).
3.6. Example

3.6.1. Compression Phase. Let us encode the following seq-
uence using the n-gram approach.

Nén dữ liệu nhằm giảm kı́ch thước dữ liệu để tăng tốc độ
truyền cũng như tiết kiệm không gian lưu trữ

Assume that we have five dictionaries for unigram, big-
ram, trigram, four grams, and five grams, as seen in Table 4.

The n-gramparser first encounters the first five-gramNén
dữ liệu nhằm giảm and copies it to the five-gram variable.
This pattern is not in the five-gram dictionary, so it splits
the first gram of this pattern for the four-gram variable and
concatenates the next gram of the input sequence to the
five-gram variable. The content of the five-gram and four-
gram variables becomes dữ liệu nhằm giảm kı́ch and Nén,
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Table 4: Five dictionaries.

(a) Unigram dictionary

Index Entry
1 nhằm
2 lưu
3 trữ

(b) Bigram dictionary

Index Entry
1 cũng như

(c) Trigram dictionary

Index Entry
1 Nén dữ liệu

(d) Four-gram dictionary

Index Entry
1 tiết kiệm không gian

(e) Five-gram dictionary

Index Entry
1 giảm kı́ch thước dữ liệu
2 để tăng tốc độ truyền

respectively.Then, it checks the number of grams in the four-
gram variable, which is one at this time. In this case, the value
is less than four; it bypasses the four gram compression and
turns back to the five-gram variable. Because this pattern is
not in the five-gram dictionary, similar to the first case, it
splits the first gramof this five-gram to the four-gram variable
and concatenates the next gram of the input sequence to the
five-gram variable. The content of the five-gram and four-
gram variables shall become liệu nhằm giảm kı́ch thước and
Nén dữ, respectively. Then, it checks the number of grams in
the four-gram variable, which is two now. This value is less
than four, similar to the first case; it turns back to five-gram
variable. It repeats these operations until the content of the
five-gram variable is nhằm giảm kı́ch thước dữ and the four-
gram variable is Nén dữ liệu. This five-gram pattern is not in
five-gram dictionary, so it splits the first gram of this pattern
for the four-gram variable and concatenates the next gram of
the input sequence to the five-gram variable. The content of
the five-gram and four-gramvariables shall become giảm kı́ch
thước dữ liệu and Nén dữ liệu nhằm, respectively. It checks
the number of grams in the four-gram variable, which is
four now. It calls the four gram compression as presented in
Algorithm 2. The four gram compression searches the four-
gram pattern in the four-gram dictionary, which is not found
in the four-gram dictionary. It splits the first gram of this
pattern into the trigram variable. The content of the four-
gram and the trigram variable becomes dữ liệu nhằm and
Nén, respectively. Then, it checks the number of grams in the
trigram variable, which is one at this time. So, it bypasses the
trigram compression, exits the four gram compression, and
turns back to five-gram variable in Algorithm 1. The first five

steps as seen in Table 5 show the content of the five-gram,
four-gram, and trigram variables throughout these steps.

At Step 6, first, the n-gram parser checks the value of the
five-gram variable in the five-gram dictionary. This pattern is
in the dictionary; therefore, it calls the compression unit to
encode all bigram, trigram, and four grams. Then, it encodes
the five-gram. When the compression unit is finished, the
n-gram parser reads the next five grams from the input
sequence. In Table 5, Steps 6.1 to 6.4 show all substeps of
Step 6 and in Table 6, Steps 6.2 to 6.4 show the encoder
output sequence.

As seen in Table 5, at Step 6.1, the n-gram parser splits the
first gram of the four-gram variable for the trigram variable,
and the content of the four-gram and trigram variable shall
become liệu nhằm and Nén dữ, respectively. Then, it checks
the number of grams in the trigram variable, which is two at
this time. So, it bypasses the trigram compression andmoves
to Step 6.2. At Step 6.2, it continues splitting the first gram of
the four-gram variable for the trigram variable. The content
of the four-gram and trigram variables shall become nhằm
and Nén dữ liệu, respectively. Next, it checks the number of
grams in the trigram variable, which is three at this time.
It then searches for this trigram in the trigram dictionary.
Because this trigram is in the trigram dictionary, it calls the
compression unit to encode bigram in the bigram variable. In
this case, the bigram variable is null. It calls the compression
unit to encode the trigram in the trigram variable and moves
to the next substep. The encoded sequence of this trigram
is shown in Table 6 at Step 6.2. The first three bits of this
encoded sequence which have value 011 refer to trigram
dictionary as seen in Table 3 and all remaining bits refer to
the index of this trigram in the trigram dictionary.

At Step 6.3, the bigram and trigram variables are null; it
counts the number of grams in the four-gram variable, which
is 1 in this case; then it copies this gram to the unigram and
searches for this unigram in the unigram dictionary. This
unigram is in dictionary so it calls the compression unit to
encode this unigram. The encoder output sequence of this
unigram is shown in Table 6 at Step 6.3. At Step 6.4, it calls
the compression unit to encode the five-gram in the five-gram
variable, and the encoder output sequence of this five-gram is
shown in Table 6 at Step 6.4. Then it reads the next five-gram
in the input sequence to the five-gram variable. At this time,
the content of the five-gram variable is để tăng tốc độ truyền.

The n-gram parser and the compression unit will process
similar to previous cases for all remaining grams of the input
sequence.The results of these steps are shown in Table 5 from
Step 7 to Step 13.4. The encoder output sequences are shown
in Table 6 from Step 7 to Step 13.4. The final encoder output
sequence is the result of concatenation of all encoder output
sequences from Step 6.1 to 13.4 in Table 6. The final encoder
output sequence is

01100000000000000000000000000001|00100000
00000001|10100000000000000000000000000001
|10100000000000000000000000000010|01000000
000000000000000000000001|1000000000000000
0000000000000001|0010000000000010|00100000
00000011.
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Table 5: All steps and values of n-grams.

Step Five-gram variable Four-gram variable Trigram variable Bigram variable
1 Nén dữ liệu nhằm giảm
2 dữ liệu nhằm giảm kı́ch Nén
3 liệu nhằm giảm kı́ch thước Nén dữ
4 nhằm giảm kı́ch thước dữ Nén dữ liệu
5 giảm kı́ch thước dữ liệu dữ liệu nhằm Nén
6.1 giảm kı́ch thước dữ liệu liệu nhằm Nén dữ
6.2 giảm kı́ch thước dữ liệu nhằm
6.3 giảm kı́ch thước dữ liệu
6.4 để tăng tốc độ truyền
7 cũng như tiết kiệm không
8 như tiết kiệm không gian cũng
9 tiết kiệm không gian lưu cũng như
10 kiệm không gian lưu trữ cũng như tiết
11 không gian lưu trữ như tiết kiệm cũng
12 gian lưu trữ tiết kiệm không cũng như
13.1 lưu trữ tiết kiệm không gian
13.2 lưu trữ
13.3 trữ
13.4

Table 6: Encoder output sequences.

Step Encoding of dictionary Encoded sequence
6.2 011 00000000000000000000000000001
6.3 001 0000000000001
6.4 101 00000000000000000000000000001
7 101 00000000000000000000000000010
13.1 010 00000000000000000000000000001
13.2 100 00000000000000000000000000001
13.3 001 0000000000010
13.4 001 0000000000011

3.6.2. Decompression Phase. In this section, the encoder
output sequence from the previous example is taken and is
decoded using the decompression unit. The encoder output
sequence in the previous example was

01100000000000000000000000000001|00100000
00000001|10100000000000000000000000000001
|10100000000000000000000000000010|01000000
000000000000000000000001|1000000000000000
0000000000000001|0010000000000010|00100000
00000011.

The decompression unit uses the same dictionaries as the
compression unit as seen in Table 4. It reads the first byte of
the input sequence; the content of this first byte is 01100000.
The first three bits are split, and the value of these three
bits is 011. It finds the corresponding n-gram dictionary of
these three bits and the number of bytes that is read more as
presented in Table 3. In this case, the n-gram dictionary is the
trigram dictionary and the number of bytes that is read more
is 3. The decoder reads the next three bytes from the input
sequence. The index of the entry was calculated based on the
value of all remaining bits after the first three bits and the
three bytes that is read more. The entry is determined based
on this index. The decoder repeats these steps until it reads

the last byte of the input sequence. Table 7 shows all steps and
results of the decompression phase.

The final decoder output sequence is the result of concate-
nation of all decoder output sequences from Step 1 to Step 8
as presented in Table 7. With each decoder output sequence
from Step 1 to Step 7, we add one space character before the
concatenation. The final encoder output sequence is Nén dữ
liệu nhằm giảm kı́ch thước dữ liệu để tăng tốc độ truyền cũng
như tiết kiệm không gian lưu trữ.

4. Experiments

We conducted an experiment to evaluate ourmethod, using a
dataset that is randomized collection from some Vietnamese
news agencies. The dataset includes 10 files completely differ-
ent in size and content.

In order to evaluate the effects of a combination of various
n-gram dictionaries, we conducted three experiments with
three kinds of systems. In the first case, we build a systemwith
unigram, bigram, and trigram dictionaries. Next, we extend
the first one with four-gram dictionary. Lastly, we extend the
second one with five-gram dictionary.The results of the three
experiments are shown in Table 8. As presented in Table 8,
we find out that the compression ratio from the third case is
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Table 7: All steps and the results of the decompression phase.

Step First byte Dict. nbm bits to calculate index Index value Decoder output sequence
1 01100000 011 3 00000000000000000000000000001 1 Nén dữ liệu
2 00100000 001 1 0000000000001 1 nhằm
3 10100000 101 3 00000000000000000000000000001 1 giảm kı́ch thước dữ liệu
4 10100000 101 3 00000000000000000000000000010 2 để tăng tốc độ truyền
5 01000000 010 3 00000000000000000000000000001 1 cũng như
6 10000000 100 3 00000000000000000000000000001 1 tiết kiệm không gian
7 00100000 001 1 0000000000010 2 lưu
8 00100000 001 1 0000000000011 3 trữ

Table 8: Compression ratio of three experience cases.

Number OFS CFS-C1 CR-C1 CFS-C2 CR-C2 CFS-C3 CR-C3
1 1,166 210 81.99% 166 85.76% 136 88.34%
2 2,240 362 83.84% 274 87.77% 222 90.09%
3 6,628 1,245 81.22% 999 84.93% 887 86.62%
4 12,224 1,954 84.02% 1,503 87.70% 1,179 90.36%
5 22,692 3,565 84.29% 2,652 88.31% 2,180 90.39%
6 49,428 7,638 84.55% 5,712 88.44% 4,538 90.82%
7 96,994 15,636 83.88% 12,359 87.26% 10,416 89.26%
8 156,516 24,974 84.04% 19,188 87.74% 15,889 89.85%
9 269,000 43,887 83.69% 34,182 87.29% 28,937 89.24%
10 489,530 80,685 83.52% 63,472 87.03% 54,117 88.95%
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Figure 2: Comparison between the three cases.

the best, follow-up is the second case, and the last one comes
from the first case. The compression ratio in this section was
used according to (1). In Tables 8, 9, and 10 and Figures 2,
3, 4, 5, and 6, we have some abbreviations and meanings as
follows: OFS: original file size in byte; CFS: compressed file
size in byte; CR: compression ratio; C1, C2, andC3: three cases
above, respectively; O: our method; RAR: WinRAR; ZIP:
WinZIP.

As seen in Figure 2, the compression ratio when we com-
bine all five dictionaries is the highest.
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Figure 3: Compression ratio of our method [13, 14].

In order to evaluate our method with the methods
presented in [13, 14], we compress the input files using these
methods. In Table 9, we show the results of the current
method in 10 cases in comparison with the methods in [13,
14]. As shown in Table 9 and Figure 3, the compression ratio
of ourmethod is better than themethods presented in [13, 14]
for any size of text in our test cases.

Table 10 and Figure 4 show the results of our method in
comparison with those of other methods, such as WinZIP
version 19.5 (http://www.winzip.com/win/en/index.htm), the

http://www.winzip.com/win/en/index.htm
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Table 9: CR of the current method with the methods presented in [13, 14].

Number OFS CFS-[13] CR-[13] CFS-[14] CR-[14] CFS-O CR-O
1 1,166 345 70.41% 185 84.13% 136 88.34%
2 2,240 599 73.26% 359 83.97% 222 90.09%
3 6,628 1,803 72.80% 1,710 74.20% 887 86.62%
4 12,224 3,495 71.41% 2,057 83.17% 1,179 90.36%
5 22,692 6,418 71.72% 3,702 83.69% 2,180 90.39%
6 49,428 13,881 71.92% 7,870 84.08% 4,538 90.82%
7 96,994 26,772 72.40% 17,723 81.73% 10,416 89.26%
8 156,516 43,701 72.08% 27,434 82.47% 15,889 89.85%
9 269,000 74,504 72.30% 49,902 81.45% 28,937 89.24%
10 489,530 139,985 71.40% 92,739 81.06% 54,117 88.95%

Table 10: Compression ratio of our method, WinRAR, and WinZIP.

Number OFS CFS-O CR-O CFS-RAR CR-RAR CFS-ZIP CR-ZIP
1 1,166 136 88.34% 617 47.08% 676 42.02%
2 2,240 222 90.09% 887 60.40% 946 57.77%
3 6,628 887 86.62% 2,052 69.04% 2,111 68.15%
4 12,224 1,179 90.36% 3,378 72.37% 3,442 71.84%
5 22,692 2,180 90.39% 6,162 72.85% 6,150 72.90%
6 49,428 4,538 90.82% 12,504 74.70% 12,286 75.14%
7 96,994 10,416 89.26% 21,389 77.95% 21,321 78.02%
8 156,516 15,889 89.85% 34,162 78.17% 34,362 78.05%
9 269,000 28,937 89.24% 56,152 79.13% 57,671 78.56%
10 489,530 54,117 88.95% 101,269 79.31% 108,175 77.90%

CR of our method
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Figure 4: Compression ratio of ourmethod,WinRAR, andWinZIP.

software combining LZ77 [8] andHuffman coding, andWin-
RAR version 5.21 (http://www.rarlab.com/download.htm),
the software combining LZSS [25] and Prediction by Par-
tial Matching [11]. The experimental results show that our
method achieves the highest compression ratio on the same
testing set.

41 42 39 43 43 45 50 55 59 691,000
2,000
3,000
4,000
5,000
6,000
7,000

C
om

pr
es

sio
n 

tim
e (

m
s)

Original file size (byte)

1
,1
6
6

2
,2
4
0

6
,6
2
8

1
2

,2
2
4

2
2

,6
9
2

4
9

,4
2
8

9
6

,9
9
4

1
5
6

,5
1
6

2
6
9

,0
0
0

4
8
9

,5
3
0

—

CT-[13]
CT-[14]

CT-O
CT-WinRar

Figure 5: Compression time of four methods.

Tables 11 and 12 and Figures 5 and 6 show the compression
and decompression time of our method in comparison with
the methods in [13, 14] and WinRAR, respectively. In these
tables and figures, we have some abbreviations and meanings
as follows: CT: compression time; DT: decompression time;
RAR: WinRAR; O: our method; ms: millisecond.

As presented in Table 12 and Figure 5, the compression
time of our method is higher than those of other methods.

http://www.rarlab.com/download.htm
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Table 11: Compression time of four methods.

Number File size CT-[13]-ms CT-[14]-ms CT-O-ms CT-RAR-ms
1 1,166 4 1 11 41
2 2,240 8 2 19 42
3 6,628 12 4 143 39
4 12,224 43 5 111 43
5 22,692 79 10 187 43
6 49,428 181 21 383 45
7 96,994 381 47 1,246 50
8 156,516 692 60 1,623 55
9 269,000 1,356 105 3,374 59
10 489,530 3,388 185 6,463 69

Table 12: Decompression time of four methods.

Number File size CT-[13]-ms CT-[14]-ms CT-O-ms CT-RAR-ms
1 1,166 1 1 9 30
2 2,240 2 2 17 32
3 6,628 4 3 56 34
4 12,224 8 8 83 37
5 22,692 18 13 149 39
6 49,428 70 18 329 42
7 96,994 290 70 770 46
8 156,516 961 250 1,398 54
9 269,000 3,111 873 2,958 67
10 489,530 11,427 5,070 6,773 98
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Figure 6: Decompression time of four methods.

As presented in Table 12 and Figure 6, the decompression
time of our method is higher than [14] but it is slower than
[13] and WinRAR.

5. Conclusions

In this paper, we present a novel method using n-gram
dictionaries for text compression. We build five different n-
gram dictionaries range from unigram to five grams from

a 2.5GB text corpus and obtain approximately 12GB n-
grams. We conduct experiments on a dataset of 10 files with
different sizes and content in three different scenarios. The
first scenario uses unigram, bigram, and trigram dictionaries.
The second scenario extends the first one with four-gram
dictionary and the final scenario extends the second one with
five-gram dictionary. The experimental results show that our
method achieves the performance comparable with those of
state-of-the-art methods including WinZIP and WinRAR in
terms of compression ratio, while it is slower than these two
of WinZIP and WinRAR. Speeding-up looking-up process
of dictionaries may lead to foster the running time of ours
method. We put this perspective as a direction of research in
future.
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One essential task in information extraction from the medical corpus is drug name recognition. Compared with text sources come
from other domains, the medical text mining poses more challenges, for example, more unstructured text, the fast growing of new
terms addition, a wide range of name variation for the same drug, the lack of labeled dataset sources and external knowledge,
and the multiple token representations for a single drug name. Although many approaches have been proposed to overwhelm
the task, some problems remained with poor F-score performance (less than 0.75). This paper presents a new treatment in data
representation techniques to overcome some of those challenges. We propose three data representation techniques based on the
characteristics of word distribution and word similarities as a result of word embedding training. The first technique is evaluated
with the standard NNmodel, that is, MLP.The second technique involves two deep network classifiers, that is, DBN and SAE.The
third technique represents the sentence as a sequence that is evaluated with a recurrent NNmodel, that is, LSTM. In extracting the
drug name entities, the third technique gives the best F-score performance compared to the state of the art, with its average F-score
being 0.8645.

1. Introduction

The rapid growth of information technology provides rich
text data resources in all areas, including themedical field. An
abundant amount of medical text data can be used to obtain
valuable information for the benefit of many purposes. The
understanding of drug interactions, for example, is an impor-
tant aspect of manufacturing new medicines or controlling
drug distribution in the market. The process to produce a
medicinal product is an expensive and complex task. Inmany
recent cases, however, many drugs are withdrawn from the
market when it was discovered that the interaction between
the drugs is hazardous to health [1].

Information, or objects extraction, from an unstructured
text document, is one of the most challenging studies in the
text mining area. The difficulties of text information extrac-
tion keep increasing due to the increasing size of corpora,

continuous growth of human’s natural language, and the
unstructured formatted data [2]. Among such valuable infor-
mation are medical entities such as drug name, compound,
and brand; disease names and their relations, such as drug-
drug interaction and drug-compound relation. We need a
suitable method to extract such information. To embed those
abundant data resources, however, many problems have to
be tackled, for example, large data size, unstructured format,
choosing the right NLP, and the limitation of annotated
datasets.

More specific and valuable information contained in
medical text data is a drug entity (drug name). Drug name
recognition is a primary task of medical text data extraction
since the drug finding is the essential element in solving other
information extraction problems [3, 4]. Among derivative
work of drug name extractions are drug-drug interaction [5],
drug adverse reaction [6], or other applications (information
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retrieval, decision support system, drug development, or drug
discovery) [7].

Compared to other NER (name entity recognition) tasks,
such as PERSON, LOCATION, EVENT, or TIME, drug name
entity recognition facesmore challenges. First, the drug name
entities are usually unstructured texts [8] where the number
of new entities is quickly growing over time.Thus, it is hard to
create a dictionary which always includes the entire lexicon
and is up-to-date [9]. Second, the naming of the drug also
widely varies. The abbreviation and acronym increase the
difficulties in determining the concepts referred to by the
terms. Third, many drug names contain a combination of
nonword and word symbols [10]. Fourth, the other problem
in drug name extraction is that a single drug name might be
represented by multiple tokens [11]. Due to the complexity in
extracting multiple tokens for drugs, some researchers such
as [12] even ignore that case in the MedLine and DrugBank
training with the reason that the multiple tokens drug is
only 18% of all drug names. It is different with another
domain; that is, entity names in the biomedical field are
usually longer. Fifth, in some cases, the drug name is a
combination of medical and general terms. Sixth, the lack of
the labelled dataset is another problem; it has yet to be solved
by extracting the drug name entities.

This paper presents three data representation techniques
to extract drug name entities contained in the sentences of
medical texts. For the first and the second techniques, we
created an instance of the dataset as a tuple, which is formed
from 5 vectors of words. In the first technique, the tuple
was constructed from all sentences treated as a sequence,
whereas in the second technique the tuple is made from
each sentence treated as a sequence. The first and second
techniques were evaluated with the standardMLP-NNmodel
which is performed in the first experiment. In the second
experiment, we use the second data representation technique
which is also applied to the other NN model, that is, DBN
and SAE. The third data representation, which assumes the
text as sequential entities, was assessed with the recurrentNN
model, LSTM. Those three data representation techniques
are based on the word2vec value characteristics, that is, their
cosine and the Euclidean distance between the vectors of
words.

In the first and second techniques, we apply three dif-
ferent scenarios to select the most possible words which
represent the drug name. The scenarios are based on the
characteristics of training data, that is, drug words distri-
bution that is usually assumed to have a smaller frequency
of appearance in the dataset sentences. The drug name
candidate selections are as follows. In the first case, all test
dataset is taken. In the second case, 2/3 of all test dataset is
selected. In the third case, 𝑥/𝑦 (𝑥 < 𝑦) of the test dataset
(where 𝑥 and 𝑦 are arbitrary integer numbers) are selected
after clustering the test dataset into 𝑦 clusters.

In the third experiment, based on the characteristics of
the resulting word vectors of the trained word embedding,
we formulate a sequence data representation applied to RNN-
LSTM.We used the Euclidian distance of the current input to
the previous input as an additional feature besides its vector of

words. In this study, the vector of words is provided by word
embedding methods proposed by Mikolov et al. [13].

Our main important contributions in this study are

(1) the new data representation techniques which do
not require any external knowledge nor handcrafted
features,

(2) the drug extraction techniques based on the words
distribution contained in the training data.

Our proposed method is evaluated on DrugBank and
MedLine medical open dataset obtained from SemEval 2013
Competition task 9.1; see https://www.cs.york.ac.uk/semeval-
2013/task9/, which is also used by [11, 12, 14]. The format of
bothmedical texts is in Englishwhere some sentences contain
drug name entities. In extracting drug entity names from
the dataset, our data representation techniques give the best
performance with F-score values 0.687 for MLP, 0.6700 for
DBN, and 0.682 for SAE, whereas the third technique with
LSTM gives the best F-score, that is, 0.9430. The average
F-score of the third technique is 0.8645, that is, the best
performance compared to the other previous methods.

By applying the data representation techniques, our pro-
posed approach provides at least three advantages:

(1) The capability to identify multiple tokens as a single
name entity

(2) The ability to deal with the absence of any external
knowledge in certain languages

(3) No need to construct any additional features, such
as characters type identification, orthography feature
(lowercase or uppercase identification), or token posi-
tion

The rest of the sections of this paper are organized as
follows: Section 2 explains some previous works dealing with
name entity (and drug name as well) extraction frommedical
text sources. The framework, approach, and methodology
to overcome the challenges of drug name extraction are
presented in Section 3. The section also describes dataset
materials and experiment scenarios. Section 4 discusses the
experiment results and its analysis while Section 5 explains
the achievement, the shortcoming, and the prospects of this
study. The section also describes several potential explo-
rations for future research.

2. Related Works

The entity recognition in a biomedical text is an active
research, and many methods have been proposed. For exam-
ple, Pal and Gosal [9] summarize their survey on various
entity recognition approaches. The approaches can be cate-
gorized into three models: dictionary based, rule-based, and
learning based methods [2, 8]. A dictionary based approach
uses a list of terms (term collection) to assist in predicting
which targeted entity will be included in the predicted group.
Although their overall precision is more accurate, their recall
is poor since they anticipate less new terms. The rule-based
approach defines a certain rule which describes such pattern

https://www.cs.york.ac.uk/semeval-2013/task9/
https://www.cs.york.ac.uk/semeval-2013/task9/
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formation surrounding the targeted entity. This rule can be a
syntactic term or lexical term. Finally, the learning approach
is usually based on statistical data characteristics to build
a model using machine learning techniques. The model is
capable of automatic learning based on positive, neutral, and
negative training data.

Drug name extraction and their classification are one
of the challenges in the Semantic Evaluation Task (SemEval
2013). The best-reported performance for this challenge was
71.5% in F-score [15]. Until now the studies to extract drug
names still continue and many approaches have been pro-
posed. CRF-based learning is the most commonmethod uti-
lized in the clinical text information extraction. CRF is used
by one of the best [11] participants in SemEval challenges in
the clinical text ( https://www.cs.york.ac.uk/semeval-2013/).
As for the use of external knowledge aimed at increasing the
performance, the author [11] uses ChEBI (Chemical Entities
of Biological Interest), that is, a dictionary of small molecular
entities.The best achieved performance is 0.57 in F-score (for
the overall dataset).

A hybrid approach model, which combines statistical
learning and dictionary based, is proposed by [16]. In their
study, the author utilizes word2vec representation, CRF
learning model, and DINTO, a drug ontology. With this
word2vec representation, targeted drug is treated as a current
token in context windows which consists of three tokens on
the left and three tokens on the right. Additional features
are included in the data representation such as pos tags,
lemma in the windows context, and an orthography feature
as uppercase, lowercase, and mixed cap.The author also used
Wikipedia text as an additional resource to performword2vec
representation training. The best F-score value in extracting
the drug name provided by the method is 0.72.

The result of CRF-based active learning, which is applied
toNERBIO (Beginning, Inside,Output) annotation token for
extracting name entity in the clinical text, is presented in [17].
The framework of this active learning approach is a sequential
process: initial model generation, querying, training, and
iteration.The CRF Algorithm BIO approach was also studied
by Ben Abacha et al. [14]. The features for the CRF algorithm
are formulated based on token and linguistics feature and
semantic feature. The best F-score achieved by this proposed
method is 0.72.

Korkontzelos et al. studied a combination of aggregated
classifier, maximum entropy-multinomial classifier, and
handcrafted feature to extract drug entity [4]. They classified
drug and nondrug based on the token features formulation
such as tokens windows, the current token, and 8 other
handcrafted features.

Another approach for discovering valuable information
from clinical text data that adopts event-location extraction
model was examined by Bjorne et al. [12]. They use an SVM
classifier to predict drug or nondrug entity which is applied
to DrugBank dataset.The best performance achieved by their
method is 0.6 in F-score. The drawback of their approach is
that it only deals with a single token drug name.

To overcome the ambiguity problem in NERmined from
a medical corpus, a segment representation method has also
been proposed by Keretna et al. [8]. Their approach treats

each word as belonging to three classes, that is, NE, not NE,
and an ambiguous class. The ambiguity of the class member
is determined by identifying whether the word appears in
more than one context or not. If so, this word falls into the
ambiguous class. After three class segments are found, each
word is then applied to the classifier learning. Related to their
approach, in our previous work, we propose pattern learning
that utilizes the regular expression surrounding drug names
and their compounds [18]. The performance of our method
is quite good with the average F-score being 0.81 but has a
limitation in dealing with more unstructured text data.

In summarizing the related previous works on drug
name entity extraction, we noted some drawbacks which
need to be addressed. In general, almost all state-of-the-art
methods work based on ad hoc external knowledge which
is not always available. The requirement of the handcrafted
feature is another difficult constraint since not all datasets
contain such feature. An additional challenge that remained
unsolved by the previous works is the problem of multiple
tokens representation for a single drug name. This study
proposes a new data representation technique to handle those
challenges.

Our proposed method is based only on the data distribu-
tion pattern and vector of words characteristics, so there is no
need for external knowledge nor additional handcrafted fea-
tures. To overcome themultiple tokens problem,we propose a
new technique which treats a target entity as a set of tokens (a
tuple) at once rather than treating the target entity as a single
token surrounded by other tokens such as those used by [16]
or [19]. By addressing a set of the tokens as a single sample,
our proposed method can predict whether a set of tokens
is a drug name or not. In our first experiment, we evaluate
the first and second data representation techniques and apply
MLP learning model. In our second scenario, we choose the
the second technique which gave the best result with MLP
and apply it to two different machine learningmethods: DBN
and SAE. In our third experiment, we examined the third
data representation technique which utilizes the Euclidian
distance between successive words in a certain sentence of
medical text. The third data representation is then fed into
an LSTM model. Based on the resulting F-score value, the
second experiment gives the best performance.

3. Method and Material

3.1. Framework. In this study, using the word2vec value
characteristics, we conducted three experiments based on
different data representation techniques.The first and second
experiment examine conventional tuple data representation,
whereas the third experiment examines sequence data rep-
resentation. We describe the organization of these three
experiments in this section. In general, the proposed method
to extract drug name entities in this study consists of two
main phases. The first phase is a data representation to for-
mulate the feature representation. In the second phase, model
training, testing, and their evaluation are then conducted to
evaluate the performance of the proposed method.

https://www.cs.york.ac.uk/semeval-2013/
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Figure 1: Proposed approach framework of the first experiment.

The proposedmethod of the first experiment consists of 4
steps (see Figure 1). The first step is a data representation for-
mulation. The output of the first step is the tuples of training
and testing dataset.The second step is dataset labelling which
is applied to both testing and training data.The step provides
the label of each tuple.The third step is the candidate selection
which is performed to minimize the noises since the actual
drug target quantity is far less compared to nondrug name.
In the last step, we performed the experiment with MLP-NN
model and its result evaluation. The detailed explanation of
each step is explained in Sections 3.4, 3.6, and 3.9, whereas
Sections 3.2 and 3.3 describe training data analysis as the
foundation of this proposed method. As a part of the first
experiment, we also evaluate the impact of the usage of the
Euclidean distance average as themodel’s regularization.This
regularization term is described in Section 3.7.1.

The framework of the second experiment which involves
DBN and SAE learning model to the second data represen-
tation technique is illustrated in Figure 2. In general, the
steps of the second experiment are similar to the first one,
with its differences being the data representation used and
the learning model involved. In the second experiment, the
second technique is used only with DBN and SAE as the
learning model.

The framework of the third experiment using the LSTM
is illustrated in Figure 3. There are tree steps in the third
experiment. The first step is sequence data representation
formulation which provides both sequence training data and
testing data.The second step is data labelling which generates
the label of training and testing data. LSTM experiment
and its result evaluation are performed in the third step.
The detailed description of these three steps is presented in
Sections 3.4, 3.4.3, and 3.9 as well.

3.2. Training Data Analysis. Each of the sentences in the
dataset contains four data types, that is, drug, group, brand,
and drug-n. If the sentence contains none of those four types,
the type value is null. In the study, we extracted drug and
drug-n. Overall in both DrugBank andMedLine datasets, the
quantity of drug name target is far less compared to the non-
drug target. Segura-Bedmar et al. [15] present the first basic
statistics of the dataset. Amore detailed exploration regarding
token distribution in the training dataset is described in this
section. The MedLine sentences training dataset contains
25.783 single tokens, which consist of 4.003 unique tokens.
Those tokens distributions are not uniformbut are dominated
by a small part of some unique tokens. If all of the unique
tokens are arranged and ranked based on the most frequent
appearances in the sentences, the quartile distribution will
have the following result presented in Figure 4.𝑄1 represents
token numbers 1 to 1001 whose total of frequency is 20.688.𝑄2 represents token numbers 1002 to 2002 whose total of
frequency is 2.849.𝑄3 represents token numbers 2003 to 3002
whose total of frequency is 1.264, and 𝑄4 represents token
numbers 3003 to 4003 whose total of frequency is 1.000. The
figure shows that the majority of appearances are dominated
by only a small amount of the total tokens.

Further analysis of the dataset tokens shows that most of
the drug names of the targeted token rarely appear in the
dataset. When we divide those token collections into three
partitions based on their sum of frequency, as presented in
Table 1, it is shown that all of the drug name entities targeted
are contained in 2/3 part with less frequent appearances of
each token (a unique token in the same sum of frequency).
A similar pattern of training data token distribution also
emerged in the DrugBank dataset as illustrated in Figure 5
and Table 2. When we look into specific token distributions,
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Figure 2: Proposed approach framework of the second experiment.
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Figure 3: Proposed approach framework of the third experiment.

the position of most of the drug name targets is in the third
part, since the most frequently appearing words in the first
and the secondparts are themost commonwords such as stop
words (“of”, “the”, “a”, “end”, “to”, “where”, “as”, “from”, and
such kind of words) and common words in medical domain
such as “administrator”, “patient”, “effect”, and “dose”.

3.3. Word Embedding Analysis. To represent the dataset we
utilized the word embedding model proposed by Mikolov
et al. [13]. We treated all of the sentences as a corpus after
the training dataset and testing dataset were combined. The
used word2vec training model was the CBOW (Continuous

Bag Of Words) model with context window length 5 and the
vector dimension 100. The result of the word2vec training
is the representation of word in 100 dimension row vectors.
Based on the row vector, the similarities or dissimilarities
between words can be estimated.The description below is the
analysis summary of word2vec representation result which is
used as a base reference for the data representation technique
and the experiment scenarios. By taking some sample of drug
targets and nondrug vector representation, it is shown that
drug word has more similarities (cosine distance) to another
drug than to nondrug and vice versa. Some of those samples
are illustrated in Table 3. We also computed the Euclidean
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Figure 4: Distribution of MedLine train dataset token.

Table 1: The frequency distribution and drug target token position,
MedLine.

1/3# Σ sample Σ frequency Σ single token of drug entity
1 28 8,661 —
2 410 8,510 50
3 3,563 8,612 262

Table 2:The frequency distribution and drug target token position,
DrugBank.

1/3# Σ sample Σ frequency Σ single token of drug entity
1 27 33,538 —
2 332 33,463 33
3 5,501 33,351 920

distance between all of thewords. Table 4 shows the average of
Euclidean distance and cosine distance between drug-drug,
drug-nondrug, and nondrug-nondrug. These values of the
average distance showus that, intuitively, it is feasible to group
the collection of the words into drug group and nondrug
group based on their vector representations value.

3.4. Feature Representation, Data Formatting, andData Label-
ling. Based on the training data and word embedding anal-
ysis, we formulate the feature representation and its data
formatting. In the first and second techniques, we try to
overcome the multiple tokens drawback left unsolved in [12]
by formatting single input data as an 𝑁-gram model with𝑁 = 5 (one tuple piece of data consists of 5 tokens) to
accommodate the maximum token which acts as a single
drug entity target name. The tuples were provided from the
sentences of both training and testing data. Thus, we have a
set of tuples of training data and a set of tuples of testing data.
Each tuple was treated as a single input.

To identify a single input, whether it is a nondrug or drug
target, we use a multiclassification approach which classifies
the single input into one of six classes. Class 1 represents
nondrug whereas the other classes represent drug target
which also identified how many tokens (words) perform the
drug target. To identify which class a certain tuple belongs to
the following is determined:The drug tuple is the tuple whose
first token (token-1) is the drug type. If token-1 is not a drug,
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Figure 5: Distribution of DrugBank train dataset token.

regardless of whatever the rest of the 4 tokens are, then the
tuple is classified as no drug.This kind of tuple is identified as
class 1. If token-1 is a drug and token-2 is not a drug, regardless
of the last 3 tokens, the tuple will be identified as class 2 and
so on.

Since we only extracted the drug entity, we ignored the
other token types, whether it is a group, brand, or another
common token. To provide the label of each tuple, we only
use the drug and drug-n types as the tuple reference list.
In general, if the sequence of token in each tuple in dataset
contains the sequence which is exactly the same with one
of tuple reference list members, then the tuple in dataset is
identified as drug entity. The detail of the algorithm used
to provide the label of each tuple in both training data and
testing data is described in Algorithm 1.

We proposed two techniques in constructing the tuple
set of the sentences. The first technique treats all sentences
as one sequence, whereas in the second technique, each
sentence is processed as one sequence. The first and the
second techniques are evaluated with MLP, DBN, and SAE
model. The third technique treats the sentences of dataset
as a sequence where the occurrence of the current token is
influenced by the previous one. By treating the sentence as
a sequence not only in the data representation but also in
the classification and recognition process, the most suitable
model to be used is RNN.We appliedRNN-LSTM to the third
technique.

3.4.1. First Technique. The first dataset formatting (one se-
quence for all sentences) is performed as follows. In the first
step, all sentences in the dataset are formatted as a token
sequence. Let the token sequence be

𝑡1𝑡2𝑡3𝑡4𝑡5𝑡6𝑡7𝑡8 ⋅ ⋅ ⋅ 𝑡𝑛 (1)

with 𝑛 being number of tokens in the sequences; then the
dataset format will be

𝑡1𝑡2𝑡3𝑡4𝑡5; 𝑡2𝑡3𝑡4𝑡5𝑡6; ⋅ ⋅ ⋅ 𝑡𝑛−4𝑡𝑛−3𝑡𝑛−2𝑡𝑛−1𝑡𝑛. (2)

A sample of sentences and their drug names are presented
in Table 5. Taken from DrugBank training data Table 5 is
the raw data of 3 samples with three relevant fields, that
is, sentences, character drug position, and the drug name.
Table 6 illustrates a portion of the dataset and its label as the
result of the raw data in Table 5. Referring to the drug-n name
field in the dataset, dataset number 6 is identified as a drug,
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Table 3: Some of the cosine distance similarities between two kinds of words.

Word 1 Word 2 Similarities (cosine dist) Remark
dilantin tegretol 0.75135758 drug-drug
phenytoin dilantin 0.62360351 drug-drug
phenytoin tegretol 0.51322415 drug-drug
cholestyramine dilantin 0.24557819 drug-drug
cholestyramine phenytoin 0.23701277 drug-drug
administration patients 0.20459694 non-drug - non-drug
tegretol may 0.11605539 drug - non-drug
cholestyramine patients 0.08827197 drug - non-drug
evaluated end 0.07379115 non-drug - non-drug
within controlled 0.06111103 non-drug - non-drug
cholestyramine evaluated 0.04024139 drug - non-drug
dilantin end 0.02234770 drug - non-drug

Table 4: The average of Euclidean distance and cosine similarities
between groups of words.

Word group Euclidean dist. avg Cosine dist. avg
drug - non-drug 0.096113798 0.194855980
non-drug - non-drug 0.094824332 0.604091044
drug-drug 0.093840800 0.617929002

Table 5: Sample of DrugBank sentences and their drug name target.

Sentence Drug
position Drug name

modification of surface histidine
residues abolishes the cytotoxic
activity of clostridium difficile toxin a

79–107 clostridium
difficile toxin a

antimicrobial activity of ganoderma
lucidum extract alone and in
combination with some antibiotics.

26–50 ganoderma
lucidum extract

on the other hand, surprisingly, green
tea gallocatechins,
(−)-epigallocatechin-3-o-gallate and
theasinensin a, potently enhanced the
promoter activity (182 and 247%
activity at 1 microm, resp.).

33–56 green tea
gallocatechins

whereas the others are classified as a nondrug entity. The
complete label illustration of the dataset provided by the first
technique is presented in Table 7. As described in Section 3.4,
the value of vector dimension for each token is 100.Therefore,
for single data, it is represented as 100 ∗ 5 = 500 lengths of a
one-dimensional vector.

3.4.2. Second Technique. The second technique is used for
treating one sequence that comes from each sentence of the
dataset. With this treatment, we added special characters ∗,
as padding, to the last part of the token when its dataset
length is less than 5. By applying the second technique the
first sentence of the sample provided a dataset as illustrated
in Table 8.

3.4.3. Third Technique. Naturally, the NLP sentence is a se-
quence in which the occurrence of the current word is
conditioned by the previous one. Based on the word2vec
value analysis, it is shown that intuitively we can separate the
drug word and nondrug word by their Euclidean distance.
Therefore, we used the Euclidean distance between the cur-
rent words with the previous one to represent the influence.
Thus, each current input 𝑥𝑖 is represented by [𝑥V𝑖𝑥𝑑𝑖] which
is the concatenation of word2vec value 𝑥V𝑖 and its Euclidian
distance to the previous one, 𝑥𝑑𝑖. Each 𝑥 is the row vector
with the dimension length being 200, the first 100 values are
its word2vector, and the rest of all 100 values are the Euclidian
distance to the previous. For the first word all values of 𝑥𝑑𝑖
are 0. With the LSTM model, the task to extract the drug
name from the medical data text is the binary classification
applied to each word of the sentence. We formulate the
word sequence and its class as described in Table 9. In this
experiment, each word that represents the drug name is
identified as class 1, such as “plenaxis”, “cytochrome”, and “p-
450”, whereas the other words are identified by class 0.

3.5. Wiki Sources. In this study we also utilize Wikipedia as
the additional text sources in word2vec training as used by
[16]. The Wiki text addition is used to evaluate the impact of
the training data volume in improving the quality of word’s
vector.

3.6. Candidates Selection. The tokens as the drug entities
target are only a tiny part of the total tokens. In MedLine
dataset, 171 of 2.000 tokens (less than 10%) are drugs, whereas
in DrugBank, the number of drug tokens is 180 of 5.252 [15].
So the major part of these tokens is nondrug and other noises
such as a stop word and special or numerical characters.
Based on this fact, we propose a candidate selection step to
eliminate those noises. We examine two mechanisms in the
candidate selection. The first is based on token distribution.
The second is formed by selecting 𝑥/𝑦 part of the clustering
result of data test. In the first scenario, we only used 2/3 of the
token, which appears in the lower 2/3 part of the total token.
This is presented in Tables 1 and 2. However, in the second
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Result: Labelled dataset
Input: array of tuple, array of drug;
output: array of label {Array of drug contains list of drug and drug-n only};
label[] <= 1 Initialization;
for each t in tuple do

for each d in drug do
if length (d) = 1 then

if t[1] = d[1] then
//match 1 token drug;
label <= 2, break, exit from for each d in drug;

else
end

else
if length (d) = 2 then

if t[1] = d[1] and t[2] = d[2] then
//match 2 tokens drug;
label <= 3, break, exit from for each d in drug;

else
end

else
if length (d) = 3 then

if t[1] = d[1] and t[2] = d[2] and t[3] = d[3] then
label <= 4, break, exit from for each d in drug;

else
end

else
if length (d) = 4 then

if t[1] = d[1] and t[2] = d[2] and t[3] = d[3] and t[4] = d[4] then
label <= 5, break, exit from for each d in drug;

else
end

else
if length (d) = 5 then

if t[1] = d[1] and t[2] = d[2] and t[3] = d[3] and t[4] = d[4] and t[5] = d[5] then
label <= 6, break, exit from for each d in drug;

else
end

else
end

end
end

end
end

end
end

Algorithm 1: Dataset labelling.

Table 6: A portion of the dataset formulation as the results of DrugBank sample with first technique.

Dataset number Token-1 Token-2 Token-3 Token-4 Token-5 Label
1 modification of surface histidine residues 1
2 of surface histidine residues abolishes 1
3 surface histidine residues abolishes the 1
4 histidine residues abolishes the cytotoxic 1
5 the cytotoxic activity of clostridium 1
6 clostridium difficile toxin a antimicrobial 5
7 difficile toxin a antimicrobial activity 1
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Table 7: First technique of data representation and its label.

Token-1 Token-2 Token-3 Token-4 Token-5 Label
“plenaxis” “were” “performed” “cytochrome” “p-450” 2
“testosterone” “concentrations” “just” “prior” “to” 2
“beta-adrenergic” “antagonists” “and” “alpha-adrenergic” “stimulants,” 3
“carbonic” “anhydrase” “inhibitors,” “concomitant” “use” 3
“sodium” “polystyrene” “sulfonate” “should” “be” 4
“sodium” “acid” “phosphate” “such” “as” 4
“clostridium” “difficile” “toxin” “a” “—” 5
“nonsteroidal” “anti” “inflammatory” “drugs” “and” 5
“casein” “phosphopeptide-amorphous” “calcium” “phosphate” “complex” 6
“studies” “with” “plenaxis” “were” “performed.” 1
“were” “performed.” “cytochrome” “p-450” “is” 1

Table 8: Second technique of data representation and its label.

Token-1 Token-2 Token-3 Token-4 Token-5 Label
“modification” “of” “surface” “histidine” “residues” 1
“of” “surface” “histidine” “residues” “abolishes” 1
surface histidine residues abolishes the 1
“histidine” “residues” “abolishes” “the” “cytotoxic” 1
“the” “cytotoxic” “activity” “of” “clostridium” 1
“clostridium” “difficile” “toxin” “a” “∗” 5
“difficile” “toxin” “a” “∗” “∗” 1
“a” “atoxin” “∗” “∗” “∗” 1
“toxic” “∗” “∗” “∗” “∗” 1

mechanism we selected 𝑥/𝑦 (𝑥 < 𝑦) which is a part of total
token after the tokens are clustered into 𝑦 clusters.

3.7. Overview of NN Model

3.7.1. MLP. In the first experiment, we used multilayer per-
ceptron NN to train the model and evaluate the performance
[20]. Given a training set of𝑚 examples, then the overall cost
function can be defined as

𝐽 (𝑊, 𝑏) = [ 1𝑚
𝑚∑
𝑖=1

𝐽 (𝑊, 𝑏; 𝑥𝑖, 𝑦𝑖)]

+ 𝜆2
𝑛𝑙−1∑
𝑙=1

𝑠𝑙∑
𝑖=1

𝑠𝑙−1∑
𝑗=1

(𝑊𝑗(𝑙)𝑖 )2 ,

𝐽 (𝑊, 𝑏) = [ 1𝑚
𝑚∑
𝑖=1

(12 ℎ𝑤𝑏 (𝑥(i)) − 𝑦𝑖2)]

+ 𝜆2
𝑛𝑙−1∑
𝑙=1

𝑠𝑙∑
𝑖=1

𝑠𝑙−1∑
𝑗=1

(𝑊𝑗(𝑙)𝑖 )2 .

(3)

In the definition of 𝐽(𝑊, 𝑏), the first term is an average
sum-of-squares error term, whereas the second term is a
regularization term which is also called a weight decay term.
In this experiment we use three kinds of regularization: #0,

L0 with 𝜆 = 0, #1, L1 with 𝜆 = 1, and #2 with 𝜆 =
the average of Euclidean distance. We computed the L2’s𝜆 based on the word embedding vector analysis that drug
target and nondrug can be distinguished by looking at their
Euclidean distance.Thus, for L2 regularization, the parameter
is calculated as

𝜆 = 1𝑛 ∗ (𝑛 − 1)
𝑛−1∑
𝑖=1

𝑛∑
𝑗=𝑖+1

dist (𝑥𝑖, 𝑥𝑗) , (4)

where dist(𝑥𝑖, 𝑥𝑗) is the Euclidean distance of 𝑥𝑖 and 𝑥𝑗.
The model training and testing are implemented by

modifying the code from [21] which can be downloaded at
https://github.com/rasmusbergpalm/DeepLearnToolbox.

3.7.2. DBN. DBN is a learning model composed of two or
more stacked RBMs [22, 23]. An RBM is an undirected
graph learningmodel which associates withMarkov Random
Fields (MRF). In the DBN, the RBM acts as feature extractor
where the pretraining process provides initial weights values
to be fine-tuned in the discriminative process in the last
layer. The last layer may be formed by logistic regression
or any standard discriminative classifiers [23]. RBM was
originally developed for binary data observation [24, 25]. It is
a popular type of unsupervisedmodel for binary data [26, 27].
Some derivatives of RBM models are also proposed to tackle
continuous/real values suggested in [28, 29].

https://github.com/rasmusbergpalm/DeepLearnToolbox
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Table 9: Third technique of data representation and its label.

Sent.#1 Class 0 0 0 0 1 0 0
Word “drug” “interaction” “studies” “with” “plenaxis” “were” “performed”

Sent.#2 Class 1 1 0 0 0 0 0
Word “cytochrome” “p-450” “is” “not” “known” “in” “the”

3.7.3. SAE. An autoencoder (AE) neural network is one of
the unsupervised learning algorithms.TheNN tries to learn a
function ℎ(𝑤, 𝑥) ≈ 𝑥. The autoencoder NN architecture also
consists of input, hidden, and output layers. The particular
characteristic of the autoencoder is that the target output is
similar to the input. The interesting structure of the data is
estimated by applying a certain constraint to the network,
which limits the number of hidden units. However, when
the number of hidden units has to be larger, it can be
imposed with sparsity constraints on the hidden units [30].
The sparsity constraint is used to enforce the average value
of hidden unit activation constrained to a certain value.
As used in the DBN model, after we trained the SAE, the
trained weight was used to initialize the weight of NN for the
classification.

3.7.4. RNN-LSTM. RNN (Recurrent Neural Network) is an
NN, which considers the previous input in determining the
output of the current input. RNN is powerful when it is
applied to the dataset with a sequential pattern or when the
current state input depends on the previous one, such as the
time series data, sentences of NLP. An LSTM network is a
special kind of RNN which also consists of 3 layers, that is,
an input layer, a single recurrent hidden layer, and an output
layer [31]. The main innovation of LSTM is that its hidden
layer consists of one or more memory blocks. Each block
includes one or morememory cells. In the standard form, the
inputs are connected to all of the cells and gates, whereas the
cells are connected to the outputs. The gates are connected to
other gates and cells in the hidden layer. The single standard
LSTM is a hidden layer with input, memory cell, and output
gates [32, 33].

3.8. Dataset. To validate the proposed approach, we utilized
DrugBank and MedLine open dataset, which have also been
used by previous researchers. Additionally, we used drug
label documents from various drug producers and regulator
Internet sites located in Indonesia:

(1) http://www.kalbemed.com/

(2) http://www.dechacare.com/

(3) http://infoobatindonesia.com/obat/, and

(4) http://www.pom.go.id/webreg/index.php/home/
produk/01.

The drug labels are written in Bahasa Indonesia, and their
common contents are drug name, drug components, indica-
tion, contraindication, dosage, and warning.

3.9. Evaluation. To evaluate the performance of the pro-
posed method, we use common measured parameters in
data mining, that is, precision, recall, and F-score. The
computation formula of these parameters is as follows. Let𝐶 = {𝐶1, 𝐶2, 𝐶3, . . . , 𝐶𝑛} be a set of the extracted drug name
of this method, and 𝐾 = {𝐾1, 𝐾2, 𝐾3, . . . , 𝐾𝑙} is set of actual
drug names in the document set 𝐷. Adopted from [18], the
parameter computations formula is

Precision (𝐾𝑖, 𝐶𝑗) = (TruePositive)(TruePositive + FalsePositive)
= (𝐾𝑖 ∩ 𝐶𝑗)(𝐶𝑗) ,

Recall (𝐾𝑖, 𝐶𝑗) = (TruePositive)(TruePositive + FalseNegative)
= (𝐾𝑖 ∩ 𝐶𝑗)(𝐾𝑖) ,

(5)

where ‖𝐾𝑖‖, ‖𝐶𝑗‖, and ‖𝐾𝑖 ∩ 𝐶𝑗‖ denote the number of drug
names in 𝐾, in 𝐶, and in both 𝐾 and 𝐶, respectively. The F-
score value is computed by the following formula:

𝐹-score (𝐾𝑖, 𝐶𝑗)
= (2 ∗ Precision (𝐾𝑖, 𝐶𝑗) ∗ Recall (𝐾𝑖, 𝐶𝑗))(TruePositive + FalsePositive) . (6)

4. Results and Discussion

4.1. MLP Learning Performance. The following experiments
are the part of the first experiment. These experiments are
performed to evaluate the contribution of the three regular-
ization settings as described in Section 3.7.1. By arranging the
sentence in training dataset as 5-gram of words, the quantity
of generated sample is presented in Table 10. We do training
and testing of the MLP-NN learning model for all those test
data compositions.The result ofmodel performances on both
datasets, that is, MedLine and DrugBank, in learning phase is
shown in Figures 6 and 7. The NN learning parameters that
are used for all experiments are 500 input nodes, two hidden
layerswhere each layer has 100 nodeswith sigmoid activation,
and 6 output nodes with softmax function; the learning rate
= 1, momentum = 0.5, and epochs = 100. We used minibatch
scenario in the training with the batch size being 100. The
presented errors in Figures 6 and 7 are the errors for full batch,
that is, the mean errors of all minibatches.

http://www.kalbemed.com/
http://www.dechacare.com/
http://infoobatindonesia.com/obat/
http://www.pom.go.id/webreg/index.php/home/produk/01
http://www.pom.go.id/webreg/index.php/home/produk/01
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Table 10: Dataset composition.

Dataset Train Test
All 2/3 part Cluster

MedLine 26,500 10,360 6,673 5,783
DrugBank 100,100 2,000 1,326 1,933
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Figure 6: Full batch training error of MedLine dataset.

The learningmodel performance shows different patterns
betweenMedLine and DrugBank datasets. For both datasets,
L1 regularization tends to stabilize in the lower iteration
and its training error performance is always less than L0
or L2. The L0 and L2 training error performance pattern,
however, shows a slight different behavior between MedLine
and DrugBank. For the MedLine dataset, L0 and L2 produce
different results for some of the iterations. Nevertheless,
the training error performance of L0 and L2 for DrugBank
is almost the same in every iteration. Different pattern
results are probably due to the variation in the quantity
of training data. As illustrated in Table 10, the volume of
DrugBank training data is almost four times the volume of
the MedLine dataset. It can be concluded that, for larger
dataset, the contribution of L2 regularization setting is not
too significant in achieving better performance. For smaller
dataset (MedLine), however, the performance is better even
after only few iterations.

4.2. Open Dataset Performance. In Tables 11, 12, 13, and 14,
numbering (1), numbering (2), and numbering (3) in the
most left column indicate the candidate selection technique
with

(i) (1): all data tests being selected;

(ii) (2): 2/3 part of data test being selected;

(iii) (3): 2/3 part of 3 clusters for MedLine or 3/4 part of 4
clusters for DrugBank.

4.2.1. MLP-NN Performance. In this first experiment, for two
data representation techniques and three candidate selection
scenarios, we have six experiment scenarios. The result
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Figure 7: Full batch training error of DrugBank dataset.

of the experiment which applies the first data representa-
tion technique and three candidate selection scenarios is
presented in Table 11. In computing the F-score, we only
select the predicted target which is provided by the lowest
error (the minimum one). For MedLine dataset, the best
performance is shown by L2 regularization setting where the
error is 0.041818, in third candidate selection scenario with F-
score 0.439516, whereas the DrugBank is achieved together
by L0 and L1 regularization setting, with an error test of
0.0802; in second candidate selection scenario, the F-score
was 0.641745. Overall, it can be concluded that DrugBank
experiments give the best F-score performance. The candi-
date selection scenarios also contributed to improving the
performance, as we found that, for both of MedLine and
DrugBank, the best achievement is provided by the second
and third scenarios, respectively.

The next experimental scenario in the first experiment is
performed to evaluate the impact of the data representation
technique and the addition of Wiki source in word2vec
training. The results are presented in Tables 12 and 13.
According to the obtained results presented in Table 11, the
L0 regularization gives the best F-score. Hence, accordingly
we only used the L0 regularization for the next experimental
scenario. Table 12 presents the impact of the data representa-
tion technique. Looking at the F-score, the second technique
gives better results for both datasets, that is, the MedLine and
DrugBank.

Table 13 shows the result of adding the Wiki source
into word2vec training in providing the vector of word
representation. These results confirm that the addition of
training datawill improve the performance. Itmight be due to
the fact thatmost of the targeted tokens such as drug name are
uncommon words, whereas the words that are used in Wiki’s
sentence are commonly used words. Hence, the addition of
commonly used words will make the difference between drug
token and the nondrug token (the commonly used token)
become greater. For the MLP-NN experimental results, the
4th scenario, that is, the second data representation with 2/3
partition data selection in DrugBank dataset, provides the
best performance with 0.684646757 in F-score.
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Table 11: The F-score performances of three of scenarios experiments.

MedLine Prec Rec F-score Lx Error test
(1) 0.3564 0.5450 0.4310 L0 0.0305
(2) 0.3806 0.5023 0.4331 L1, L2 0.0432
(3) 0.3773 0.5266 0.4395 L2 0.0418
DrugBank Prec Rec F-score Lx Error test
(1) 0.6312 0.5372 0.5805 L0 0.07900
(2) 0.6438 0.6398 0.6417 L0, L2 0.0802
(3) 0.6305 0.5380 0.5806 L0 0.0776

Table 12: The F-score performance as an impact of data representation technique.

Dataset (1) One seq. of all sentences (2) One seq. of each sentence
MedLine Prec Rec F-score Prec Rec F-score
(1) 0.3564 0.5450 0.4310 0.6515 0.6220 0.6364
(2) 0.3806 0.5023 0.4331 0.6119 0.7377 0.6689
(3) 0.3772 0.5266 0.4395 0.6143 0.656873 0.6348
DrugBank Prec Rec F-score Prec Rec F-score
(1) 0.6438 0.5337 0.5836 0.7143 0.4962 0.5856
(2) 0.6438 0.6398 0.6418 0.7182 0.5804 0.6420
(3) 0.6306 0.5380 0.5807 0.5974 0.5476 0.5714

4.2.2. DBN and SAE Performance. In the second experiment,
which involves DBN and SAE learning model, we only use
the experiment scenario that gives the best results in the first
experiment. The best experiment scenario uses the second
data representation technique withWiki text as an additional
source in the word2vec training step.

In the DBN experiment, we use two stacked RBMs with
500 nodes of visible unit and 100 nodes of the hidden layer
for the first and also the second RBMs. The used learning
parameters are as follows: momentum = 0 and alpha = 1. We
usedminibatch scenario in the training, with the batch size of
100. As for RBM constraints, the range of input data value is
restricted to [0 ⋅ ⋅ ⋅ 1] as the original RBM, which is developed
for binary data type, whereas the range of vector ofword value
is [−1 ⋅ ⋅ ⋅ 1]. Sowe normalize the data value into [0 ⋅ ⋅ ⋅ 1] range
before performing the RBM training. In the last layer of DBN,
we use one layer of MLP with 100 hidden nodes and 6 output
nodes with softmax output function as classifier.

The used SAE architecture is two stacked AEs with the
following nodes configuration. The first AE has 500 units
of visible unit, 100 hidden layers, and 500 output layers.
The second AE has 100 nodes of visible unit, 100 nodes of
hidden unit, and 100 nodes of output unit. The used learning
parameters for first SAE and the second SAE, respectively, are
as follows: activation function = sigmoid and tanh; learning
rate = 1 and 2; momentum = 0.5 and 0.5; sparsity target =
0.05 and 0.05. The batch size of 100 is set for both of AEs.
In the SAE experiment, we use the same discriminative layer
as DBN, that is, one layer MLP with 100 hidden nodes and 6
output nodes with softmax activation function.

The experiments results are presented in Table 14. There
is a difference in performances when using the MedLine and
the DrugBank datasets when feeding them into MLP, DBN,
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Figure 8: The global LSTM network.

and SAE models. The best results for the MedLine dataset
are obtained when using the SAE. For the DrugBank, the
MLP gives the best results. The DBN gives lower average
performance for both datasets. The lower performance is
probably due to the normalization on theword vector value to[0 ⋅ ⋅ ⋅ 1], whereas their original value range is in fact between[−1 ⋅ ⋅ ⋅ 1]. The best performance for all experiments 1 and 2 is
given by SAE, with the second scenario of candidate selection
as described in Section 3.6. Its F-score is 0.686192469.

4.2.3. LSTM Performance. The global LSTM network used
is presented in Figure 8. Each single LSTM block consists
of two stacked hidden layers and one input node with each
input dimension being 200 as described in Section 3.4.3. All
hidden layers are fully connected. We used sigmoid as an
output activation function, which is the most suitable for
binary classification. We implemented a peepholes connec-
tion LSTM variant where its gate layers look at the cell state
[34]. In addition to implementing the peepholes connection,
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Table 13: The F-score performances as an impact of the Wiki addition of word2vec training data.

Dataset (1) One seq. of all sentences (2) One seq. of each sentence
MedLine Prec Rec F-score Prec Rec F-score
(1) 0.5661 0.4582 0.5065 0.614 0.6495 0.6336
(2) 0.5661 0.4946 0.5279 0.5972 0.7454 0.6631
(3) 0.5714 0.4462 0.5011 0.6193 0.6927 0.6540
DrugBank Prec Rec F-score Prec Rec F-score
(1) 0.6778 0.5460 0.6047 0.6973 0.6107 0.6511
(2) 0.6776 0.6124 0.6433 0.6961 0.6736 0.6846
(3) 0.7173 0.5574 0.6273 0.6976 0.6193 0.6561

Table 14: Experimental results of three NN models.

Dataset MLP DBN SAE
MedLine Prec Rec F-score Prec Rec F-score Prec Rec F-score
(1) 0.6515 0.6220 0.6364 0.5464 0.6866 0.6085 0.6728 0.6214 0.6461
(2) 0.5972 0.7454 0.6631 0.6119 0.7377 0.6689 0.6504 0.7261 0.6862
(3) 0.6193 0.6927 0.6540 0.6139 0.6575 0.6350 0.6738 0.6518 0.6626
Average 0.6227 0.6867 0.6512 0.5907 0.6939 0.6375 0.6657 0.6665 0.6650
DrugBank Prec Rec F-score Prec Rec F-score Prec Rec F-score
(1) 0.6973 0.6107 0.6512 0.6952 0.5847 0.6352 0.6081 0.6036 0.6059
(2) 0.6961 0.6736 0.6847 0.6937 0.6479 0.6700 0.6836 0.6768 0.6802
(3) 0.6976 0.6193 0.6561 0.6968 0.5929 0.6406 0.6033 0.6050 0.6042
Average 0.6970 0.6345 0.664 0.6952 0.6085 0.6486 0.6317 0.6285 0.6301

we also use a couple of forget and input gates. The detailed
single LSTM architecture and each gate formula computation
can be referred to in [33].

The LSTM experiments were implemented with several
different parameter settings. Their results presented in this
section are the best among all our experiments. Each piece
of input data consists of two components, its word vector
value and its Euclidian distance to the previous input data.
In treating both input data components, we adapt the Adding
Problem Experiment as presented in [35].We use the Jannlab
tools [36] with some modifications in the part of entry to
conform with our data settings.

The best achieved performance is obtained with LSTM
block architecture of one node input layer, two nodes' hidden
layer, and one node output layer. The used parameters are
learning rate = 0.001, momentum = 0.9, epoch = 30, and
input dimension = 200, with the time sequence frame set to
2. The complete treatment of drug sentence as a sequence
both in representation and in recognition, to extract the drug
name entities, is the best technique, as shown by F-score
performance in Table 15.

As described in previous work section, there are many
approaches related to drug extraction that have been pro-
posed. Most of them utilize certain external knowledge to
achieve the extraction objective. Table 16 summarizes their
F-score performance. Among the state-of-the-art techniques,
our third data representation technique applied to the LSTM
model is outperforming. Also, our proposedmethod does not
require any external knowledge.

Table 15: The F-score performance of third data representation
technique with RNN-LSTM.

Prec Rec F-score
MedLine 1 0.6474 0.7859
DrugBank 1 0.8921 0.9430
Average 0.8645

4.3. Drug Label Dataset Performance. As additional exper-
iment, we also use Indonesian language drug label cor-
pus to evaluate the method’s performance. Regarding the
Indonesian drug label, we could not find any certain external
knowledge that can be used to assist the extraction of the
drug name contained in the drug label. In the presence
of this hindrance, we found our proposed method is more
suitable than any other previous approaches. As the drug label
texts are collected from various sites of drug distributors,
producers, and government regulators, they do does not
clearly contain training data and testing data as inDrugBanks
or MedLine datasets. The other characteristics of these texts
are the more structured sentences contained in the data.
Although the texts are coming from various sources, all
of them are similar kind of document (the drug label that
might be generated by machine). After the data cleaning
step (HTML tag removal, etc.), we annotated the dataset
manually. The total quantity of dataset after performing
the data representation step, as described in Section 3.4, is
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Table 16:The F-score performance compared to the state of the art.

Approach F-score Remark
The Best of SemEval 2013 [15] 0.7150 —

[11] 0.5700
With external
knowledge,
ChEBI

[16] + Wiki 0.7200
With external
knowledge,
DINTO

[14] 0.7200 Additional
feature, BIO

[12] 0.6000 Single token only
MLP-SentenceSequence + Wiki
(average)/Ours 0.6580 Without external

knowledge
DBN-SentenceSequence + Wiki
(average)/Ours 0.6430 Without external

knowledge
SAE-SentenceSequence + Wiki
(average)/Ours 0.6480 Without external

knowledge
LSTM-AllSentenceSequence + Wiki +
EuclidianDistance (average)/Ours 0.8645 Without external

knowledge

Table 17: The best performance of 10 executions on drug label
corpus.

Iteration Prec Recall F-score
1 0.9170 0.9667 0.9412
2 0.8849 0.9157 0.9000
3 0.9134 0.9619 0.9370
4 0.9298 0.9500 0.9398
5 0.9640 0.9570 0.9605
6 0.8857 0.9514 0.9178
7 0.9489 0.9689 0.9588
8 0.9622 0.9654 0.9638
9 0.9507 0.9601 0.9554
10 0.9516 0.9625 0.9570
Average 0.93081 0.9560 0.9431
Min 0.8849 0.9157 0.9000
Max 0.9640 0.9689 0.9638

1.046.200. In this experiment, we perform 10 times cross-
validation scenario by randomly selecting 80% data for the
training data and 20% data for testing.

The experimental result for drug label dataset shows that
all of the candidate selection scenarios provide excellent
F-score (above 0.9). The excellent F-score performance is
probably due to the more structured sentences in those texts.
The best results of those ten experiments are presented in
Table 17.

4.4. Choosing the Best Scenario. In the first and second
experiments, we studied various experiment scenarios,
which involve three investigated parameters: additional Wiki
source, data representation techniques, and drug target can-
didate selection. In general, the Wiki addition contributes to
improving the F-score performance. The additional source

in word2vec training enhances the quality of the resulting
word2vec. Through the addition of common words, from
Wiki, the difference between the common words and the
uncommon words, that is, drug name, becomes greater
(better distinguishing power).

One problem in mining drug name entity from medical
text is the imbalanced quantity between drug token and other
tokens [15]. Also, the targeted drug entities are only a small
part of the total tokens. Thus, majority of tokens are noise.
In dealing with this problem, the second and third candidate
selection scenarios show their contribution to reduce the
quantity of noise. Since the possibility of extracting the noises
is reduced then the recall value and F-score value increase as
well, as shown in the first and second experiments results.

The third experiment which uses LSTM model does not
apply the candidate selection scenario because the input
dataset is treated as sentence sequence. So the input dataset
can not be randomly divided (selected) as the tuple treatment
in the first and second experiments.

5. Conclusion and Future Works

This study proposes a new approach in the data representa-
tion and classification to extract drug name entities contained
in the sentences of medical text documents. The suggested
approach solves the problem of multiple tokens for a single
entity that remained unsolved in previous studies. This study
also introduces some techniques to tackle the absence of
specific external knowledge. Naturally, the words contained
in the sentence follow a certain sequence pattern; that is,
the current word is conditioned by other previous words.
Based on the sequence notion, the treatment of medical text
sentences which apply the sequence NN model gives better
results. In this study, we presented three data representation
techniques.The first and second techniques treat the sentence
as a nonsequence pattern which is evaluated with the non-
sequential NN classifier (MLP, DBN, and SAE), whereas the
third technique treats the sentences as a sequence to provide
data that is used as the input of the sequential NN classifier,
that is, LSTM. The performance of the application of LSTM
models for the sequence data representation, with the average
F-score being 0.8645, rendered the best result compared to
the state of the art.

Some opportunities to improve the performance of the
proposed technique are still widely opened. The first step
improvement can be the incorporation of additional hand-
crafted features, such as the words position, the use of capital
case at the beginning of the word, and the type of character,
as also used in the previous studies [16, 37]. As presented in
the MLP experiments for drug label document, the proposed
methods achieved excellent performance when applied to the
more structured text. Thus, the effort to make the sentence
of the dataset, that is, DrugBank and MedLine, to be more
structured can also be elaborated. Regarding the LSTM
model and the sequence data representation for the sentences
of medical text, our future study will tackle the multiple
entity extractions such as drug group, drug brand, and drug
compounds. Another task that is potential to be solved with



Computational Intelligence and Neuroscience 15

the LSTMmodel is the drug-drug interaction extraction. Our
experiments also utilize the Euclidean distance measure in
addition to the word2vec features. Such addition gives a good
F-score performance. The significance of embedding the
Euclidean distance features, however, needs to be explored
further.
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Humans can easily classify different kinds of objects whereas it is quite difficult for computers. As a hot and difficult problem,
objects classification has been receiving extensive interests with broad prospects. Inspired by neuroscience, deep learning concept is
proposed. Convolutional neural network (CNN) as one of themethods of deep learning can be used to solve classification problem.
Butmost of deep learningmethods, including CNN, all ignore the human visual information processingmechanismwhen a person
is classifying objects.Therefore, in this paper, inspiring the completed processing that humans classify different kinds of objects, we
bring forth a new classificationmethod which combines visual attentionmodel and CNN. Firstly, we use the visual attentionmodel
to simulate the processing of human visual selection mechanism. Secondly, we use CNN to simulate the processing of how humans
select features and extract the local features of those selected areas. Finally, not only does our classificationmethod depend on those
local features, but also it adds the human semantic features to classify objects. Our classification method has apparently advantages
in biology. Experimental results demonstrated that our method made the efficiency of classification improve significantly.

1. Introduction

Objects classification is one of the most essential problems in
computer vision. It is the basis of many other complex vision
problems, such as segmentation, tracking, and action analy-
sis. And objects classification has wide application in many
fields, such as security, transportation, and medicine. Thus,
computer automatic classification technology can lighten the
burden of people and change people’s life style.

Humans have the powerful ability of visual percep-
tion and objects classification. When they classify different
objects, they firstly select information by visual pathway, and
then their nervous system make correct decision without
needing extensive training by using this selected information
(Figure 1). If computer canmimic the ability of humans, com-
puter automatic classification technology will be improved
greatly. To achieve this assumption, we combine simulation
of human visual information processing mechanism and
simulation of human neutral network (Figure 2).

Referring to the research results from cognitive psychol-
ogy and neuroscience, we can build learning-based visual

attention model as human visual information processing
mechanism. Most models of attention [1–3] are biologically
inspired. But some of them are only based on a bottom-
up computational model, which does not match the human
behavior. Other models of attention such as Cerf et al.
[4] combine low-level visual features and high-level visual
features, but most of them were under the “free-viewing”;
it cannot be used to analyze and predict the region of
interest when people classify different objects. To address this
problem, we build a task-based and learning-based visual
attention model combining low-level and high-level image
features to obtain the humans’ classification RoI (region of
interest).

Deep learning is good to disentangle abstractions and
pick out which features are useful for learning like human
brain does, so we can use deep learning method to simulate
the human neutral network. Convolutional neural network
(CNN) as one of methods of deep learning can be used to
solve classification problem. CNN was inspired by biological
processes [5], which is a type of feed-forward artificial neural
network. It is inspired by the organization of the animal visual
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Figure 1:The picturesque processing of humans classifying different
objects. Person firstly selects information by visual pathway, and
then his nervous system uses this selected information to make
correct decision without needing extensive training [6].

cortex, whose individual neurons are arranged in such a way
that they respond to overlapping regions tiling the visual field.
Compared to other image classification algorithms, CNN
uses relatively little preprocessing. The lack of dependence
on prior knowledge and human effort in designing features
is a major advantage of CNN, which lead CNN to be
more suitable for solving computer automatic classification
problem.

In this paper, we make five contributions. Firstly, for
learning common people visual behaviors when they classify
different objects, we established an eye-tracking database
and recorded eye-tracking data of 10 viewers on 300 images.
Secondly, to simulate human visual information processing
mechanismwhen theywere asked to classify different objects,
we used EDOC database as training and testing examples
to learn a learning-based visual attention model based on
low-level and high-level image features and then analyzed
and predicted the humans’ classification RoIs. Next, seeing
that the CNN is inspired by biological processes and has
remarkable advantages, we established a CNN framework
to simulate the human brain’s processing of classification.
But, unlike traditional CNN, we use RoIs predicted from
our learning-based visual attention model as the input of
CNN, and thus it will be more close to human. Furthermore,
for improving the biological advantages of our computer
automatic classification method, we combine the high-level
features also used in our visual attentionmodel with local fea-
tures gained by our CNN network to classify objects by SVM.
Finally, we established big database ImageSix, including 6000
images to testify the robustness of our classification method.

And all experimental results showed that our method
made the efficiency of classification improve significantly.

2. Related Work

Objects classification is one of hot problems in computer
vision. Humans recognize a multitude of objects in images
with little effort; however, this task is still a challenge for
computer vision systems. Many approaches to the task have
been implemented over many decades, such as approaches
based on CAD-like object models [7], appearance-based
methods [8–11], feature-based methods [12–14], and genetic

algorithm [15]. These traditional approaches perform well
in some fields, but they are not suitable for multiple-classes
objects classification. Currently, the best algorithms for this
problem are based on convolutional neural networks. An
illustration of their capabilities is given by the ImageNet Large
Scale Visual Recognition Challenge; this is a milestone in
object classification and detection, with millions of images
and hundreds of object classes. And performance of convolu-
tional neural networks on the ImageNet tests is now close to
that of humans.

For being more close to humans, it is very significant to
bring visual saliency model to CNN as our method, because
commonCNN ignores the idea that human visual system has
a major part to select information before classification. So we
develop a learning-based visual attention model.

In the past few years, there were many researches on
human eye movements, and many saliency models based on
various techniques with compelling performance exist, but
most of them were under the “free-viewing.” One of the
most influential ones is a pure bottom-up attention model
proposed by Itti et al. [16], based on the feature integration
theory [17]. In this theory, an image is decomposed into low-
level attributes such as color, orientation, and intensity. Based
on the idea of decorrelation of neural responses, Garcia-Diaz
et al. [18] proposed an effective model of saliency known
as Adaptive Whitening Saliency (AWS). Another class of
models is based on probabilistic formulation. Zhang et al.
[19] put forward SUN (Saliency Using Natural statistics)
model in which bottom-up saliency emerges naturally as the
self-information of visual features. Similarly, Torralba [20]
proposed a Bayesian framework for visual search which is
also applicable for saliency detection. Graph Based Visual
Saliency (GBVS) [21] is another method based on graphical
models. Machine learning approaches have also been used in
modeling visual attention by learning models from recorded
eye fixations. For learning saliency, Schölkopf et al. [22] used
image patches and Tilke et al. [23] used a vector of several
features at each pixel.

These computational models have been used to charac-
terize RoIs in natural images, but their use in classification
has remained very limited. But their features extraction
method has been proven certainly effective. When we built
a visual attention model for classification problem, we learnt
these computational models’ features extraction method for
guidance.

3. Learning a Saliency Model for
Objects Classification

3.1. Database of Eye-Tracking Data. For learning common
people visual behaviors when they classify different objects
and recording their eye-tracking data, we established an
eye-tracking database, including six kinds of objects such
as aeroplanes, bikes, cars, dogs, persons, and white cats,
called EDOC database (eye-tracking database for objects
classification) (Figure 3). The EDOC allows quantitative
analysis of fixation points and provides ground truth data
for saliency model research as well as labels for each class.
Comparedwith several eye-tracking datasets that are publicly
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Figure 2: The algorithm flow chart of this paper. We establish a learning-based visual saliency model to simulate human visual information
processingmechanism and then obtain saliencymapwhich can be used to get the humans’ classification RoIs. CNN is used to simulate human
neutral network, and the humans’ classification RoIs is CNN’s input. After the processing of CNN, we obtain the result of classification which
is close to humans.

available, the main motivation of our new dataset is for
objects classification.

The purpose of the current analysis was to model the
classification process of visual selection of relevant regions in
different objects images.We collected 50 images for each class
of objects and 300 images (Figure 4(a)) altogether, which are
stored in JPEG format. And we recorded eye-tracking data
from ten subjects, including 5 females and 5 males, whose
age range from 12 to 40. Subjects were asked to view these
images to find the most representative regions of each class
(Figure 4(b)), which can be used to differentiate the six classes
objects.

We used a Tobii TX300 Eye Tracker device to record eye
movements, which is at a sample rate of unique combination
of 300Hz. The TX300 Eye Tracker device has very high
precision and accuracy and robust eye tracking; besides, it
also has compensation for large head movements extending
the possibilities for unobtrusive research of oculomotor
functions and human behavior. Although it has a variety
of researcher profiles, subjects can use the system without
needing extensive training.

In the experiments, each image was presented for 5 s
followed by a rapid and automatic calibration procedure.
To ensure high-quality tracking results, we checked camera
calibration every 10 images. During the first 1 s viewing,
subjects maybe free viewed the images, so we discarded
the first 1 s viewing tracking results of each subject. In
order to obtain a continuous ground truth of an image
from the eye-tracking data of a subject, we convolved a
Gaussian filter across the subject’s fixation locations, similar
to the “landscape map.” We overlapped the eye-tracking data

collected from all subjects (Figure 4(c)) and then generated
ground truth of the average locations (Figure 4(d)).

3.2. Learning-Based Visual Attention Model. In contrast to
manually designed measures of saliency, we follow a learning
approach by using statistics and machine learning methods
directly from eye-tracking data (Figure 2, simulation of
human visual information processingmechanism). As shown
in Figure 5, a set of low-level visual features are extracted from
some training images. After the feature extraction process,
the features of the top 5% (bottom 30%) points in the ground
truth are selected as training samples in each training image.
All of the training samples are sent to train a SVM model.
Then, a test image can be decomposed into several feature
maps and imported into SVM model to predict the saliency
map. After the saliency map prediction, we can use them to
obtain the human classification RoIs as inputs of CNN to
continue solving classification problem.

After analyzing the EDOC dataset, we first extract a set
of features for every pixel in each 𝑚 × 𝑛 pixels image. We
recomputed the 35 features including 31 low-level features
and 4 high-level features, for every pixel of the each image
which resized to 200 × 200, and used these to train our visual
attention model (Ours). The following are the low- level and
high-level features (Figure 5) with which we were motivated
to work after analyzing our dataset (Figure 2, simulation of
human neural network).

(1) Low-Level Features. Because of the underlying biological
plausibility [17], low-level features have been shown to corre-
late with visual attention. We use 31 low-level features:
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Aeroplane Bike Car Dog Person White cat

Figure 3: Images. A sample of the 300 images of EDOC. Though they were shown at original resolution and aspect ratio in the experiment,
they have been resized for viewing here.

(a) Original image

(b) Fixation map

(c) Heat map

(d) Ground truth

Figure 4: We collected eye-tracking data on 300 images from ten subjects. The first row is the sample of original images (a) in EDOC. Gaze
tracking paths and fixation locations are recorded in the second row (b).The third row (c) heatmaps showRoIs according to (b). A continuous
ground truth (d) is found by convolving Gaussian over the fixation locations of all subjects.

(a) The local energy of the steerable pyramid filters [24] is
used as features in four orientations and three scales
(Figure 5, the first 13 images).

(b) We include intensity, orientation, and color contrast
corresponding to image features as calculated by Itti
and Koch’s saliency [2] (Figure 5, images 14 to 16),
because the three channels have long been seen as
important features for bottom-up saliency.

(c) We include features used in a simple saliency model
described by Torralba [25] and GBVS [21] and AWS
[26] based on subband pyramids (Figure 5, images 17
to 19).

(d) The values of the red, green, and blue channels, as well
as the probabilities of each of these channels, are used
as features (Figure 5, images 20 to 25) in addition to
the probability of each color as computed from 3D
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Figure 5: Features. A sample image (bottom right) and 35 of the features that we use to train the model. These include subband features, Itti
and Koch saliency channels, three simple saliency models described by Torralba and GBVS and AWS, color features and automatic horizon,
car, people, and face detectors. The labels for our training on this image are based on a threshold saliency map derived from human fixations
(to the left of bottom right).

color histograms of the image filtered with a median
filter at six different scales (Figure 5, images 26 to 30).

(e) The horizon is a place where humans naturally look
for salient objects, because most objects rest on the
surface of the earth. So we use the horizon as the last
low-level feature (Figure 5, images 31).

(2) High-Level Features. In the light of the eye-tracking data
obtained from our experiment, we found that humans fixated
so consistently on people, faces, and cars, so we run the Viola
Jones face detector [27] and the Felzenszwalb person and
car detector [28] and include these as features to our model
(Figure 5, images 32 to 35).

4. CNN for Feature Extraction

Convolutional neural network (CNN) was initially proposed
by Cun et al. in the early 1980s [29]. Following the discovery
of human visual mechanisms, local visual field is designed
to make the CNN deep and robust in the 1990s. CNN is a
neural network model, whose weight sharing network makes
itself more similar to biological neural network, reducing
the complexity of network model and the number of weight.
CNN is based on four key architectural ideas: local receptive
fields, convolution, weight sharing, and subsampling in the
spatial domain. A CNN architecture is formed by a stack

of distinct layers that transform the input volume into an
output volume through a differentiable function. In a CNN
structure, convolutional layers and subsampling layers are
connected one by one and trained by supervised learning
method with labeled data, the architecture of the CNN we
used is shown in Figure 6, and the labeled data we used to
train the CNN is obtained from our visual attention model.
Due to the neuron network simulation, the CNN is usually
used as a strong feature extractor and has achieved great
success on image processing fields.

4.1. Convolution Layers. The convolutional layer is the core
building block of a CNN. The layer’s parameters consist of a
set of kernels, which have a small receptive field, but extend
through the full depth of the input volume. At a convolution
layer, the previous layer’s feature maps are convolved with
learnable kernels and put through the activation function to
form the output feature map. Each output map may combine
convolutions with multiple input maps.

By training, kernels can extract several meaningful fea-
tures; for example, the first convolutional layer is similar to
Gabor filter, which can extract the information of corner,
angle, and so forth. The CNN we used contains 4 convolu-
tional layers (C1∼C4), the kernel size, respectively, is 5, 5, 5,
and 4 pixels, the number of feature maps, respectively, is 9,
18, 36, and 72, and all of the stride is 1 (Figure 6). Multilayers
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Figure 6: An illustration of the architecture of our CNN. The CNN we used contains 4 convolutional layers (C1∼C4), the kernel sizes,
respectively, are 5, 5, 5, and 4 pixels, the number of featuremaps, respectively, is 9, 18, 36, and 72, and all of the stride is 1. All of the subsampling
(S1∼S2) size, respectively, is 2 pixels, and all of the stride is 1. The network’s input is 3000 dimension features and output is 648 dimension
features.

structure can abstract the input image layer by layer, to obtain
a higher level distributed feature expression.

4.2. Subsampling Layers. Another important concept of
CNNs is subsampling, which is a form of nonlinear down-
sampling.There are several nonlinear functions to implement
subsampling amongwhichmax pooling is themost common.
It partitions the input image into a set of nonoverlapping rect-
angles and, for each such subregion, outputs the maximum.
The intuition is that once a feature has been found, its exact
location is not as important as its rough location relative to
other features.

A subsampling layer produces downsampled versions of
the input maps. If there are N input maps, then there will
be exactly N output maps, although the output maps will be
smaller.

The CNN we used contains 4 subsampling layers (S1∼
S4), which are periodically inserted in between successive
convolutional layers. All of the subsampling size, respectively,
is 2 pixels, and all of the stride is 1 (Figure 6). Multilayers
structure can abstract the input image layer by layer, to obtain
a higher level distributed feature expression. By subsampling,
we can not only reduce the dimension of features, but also
improve their robustness.

4.3. Parameter Sharing. Parameter sharing scheme is used
in convolutional layers to control the number of free

parameters. It relies on one reasonable assumption; that is,
if one patch feature is useful to compute at some spatial
position, then it should also be useful to compute at a different
position.

Since all neurons in a single depth slice are sharing the
same parametrization, then the forward pass in convolutional
layer can be computed as a convolution of the neuron’s
weights with the input volume. Therefore, it is common to
refer to the sets of weights as a kernel, which is convolvedwith
the input. Parameter sharing contributes to the translation
invariance of the CNN architecture.

4.4. Fully Connected Layer. Finally, after several convolu-
tional and max subsampling layers, the high-level reasoning
in the neural network is done via fully connected layers
and the CNN we used contains one fully connected layer.
Neurons in a fully connected layer have full connections
to all activations in the previous layer, as seen in regular
neural networks. Their activations can hence be computed
with matrix multiplication followed by a bias offset.

So far, the structure of our CNN network contains four
convolutional layers, four subsampling layers, and one fully
connected layer. We use the humans’ classification RoIs
obtained fromvisual attentionmodel as the input of ourCNN
network, after feature extracting. Our CNN network outputs
648 dimension local features, which are parts of features used
to classify objects.
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Figure 7: The whole processing of evaluating our visual attention model. We trained Ours after extracting features in EDOC database and
measure Ours by AUC, sensitivity, specificity, and Youden and compared it with other eight visual attention models.

5. Objects Classification

In order to be more close to humans’ classification behavior,
we build a task-based and learning-based visual attention
model which combines low-level and high-level image fea-
tures to obtain the humans’ classification RoIs. Then, we
construct CNN network to extract more features of those
humans’ classification RoIs. Although CNN is based on the
neuron network simulation and is a strong feature extractor,
the features obtained by CNN are the group of local features.
However, humans always analyze images by putting them
into context.Thus, for improving the biological advantages of
our computer automatic classification method, we combine
the 3 dimension high-level features also used in our visual
attention model, including people, faces, and cars, with 648
dimension local features gained by our CNN network to
classify objects.

Developing from statistics, the theory of SVM is a
general learning method, which has excellent generalization
ability in nonlinear classification, function approximation,
and pattern recognition. Even though the sample is limited,
SVM can effectively construct high-dimensional data model,
can converge to the global optimum, and is insensitive to
dimensions. Owing to the advantages of SVM, we use it to
classify objects after acquiring 651 dimension features. The
detailed processing of our classification method is shown in
Figure 2.

6. Experimental Result and Discuss

In order to validate our classification method, we perform
four experiments. (1) Section 6.1 evaluates our visual atten-
tion model (Ours) and compares it with other eight visual
attention models. (2) Section 6.2 compares the classification
results of using humans’ classification RoIs as input of classi-
fication and using original images as input of classification.
(3) Section 6.3 compares the classification results when
only using features extracted by CNN and when combining
high-level features and local features extracted by CNN.
(4) Section 6.4 validates our classification method in 6000
images. In Sections 6.2, 6.3, and 6.4, we all use the error
rate of classification and convergence rate as evaluation
criterion. And our experiments were all based on a server
IBM x3650m5, with CPU E5-2603v2 (2.4GHz) and 32GB
RAM.

6.1. Performance of Our Visual Attention Model. We vali-
date our visual attention model by applying it to humans’
classification RoIs prediction; the whole processing of this
experiment is shown in Figure 7. We used EDOC database

to evaluate our results; images were resized in 200 × 200
pixels. We randomly used 30 images of each class as training
data and 20 images of each class as testing data. The database
provided subjects’ eye-tracking data as ground truth.

Since there is no consensus over a unique score for
saliency model evaluation, a model that performs well
should have good overall scores. Wemeasure performance of
saliency models in the following two ways.

First, we measure performance of each model by Area
Under the ROC Curve (AUC). AUC is the most widely used
metric for evaluating visual saliency.When AUC is equal to 1,
the twodistributions are exactly equal, not relativewhenAUC
is equal to 0.5, and negatively relative when AUC is equal to
0.

Second, three quality measurements, classical sensitivity,
specificity, and Youden, were computed. Sensitivity, also
called the true positive rate, measures the proportion of
positives which are correctly identified and is complementary
to the false negative rate. The higher the sensitivity is, the
more sensitive the test is. Specificity, also called the true
negative rate, measures the proportion of negatives which are
correctly identified and is complementary to the false positive
rate. The higher the specificity is, the more precise the test is.
Youden, called Youden, can be written as formula (1), whose
value ranges from 0 to 1. The higher Youden is, the higher
authenticity the test has. Besides, Youden gives equal weight
to false positive and false negative values. Consider

Youden = sensitivity + specificity − 1. (1)

6.1.1. Analysis of AUC. Our method is biologically inspired.
The developed method was compared with eight well-known
techniques which dealt with similar challenges. These eight
models were AIM [30], AWS [26], Judd [23], Itti [16], GBVS
[21], SUN [19], STB [26], and Torralba [31]. We used them as
the baseline because they also mimic the visual system. In the
experiment, we randomly chose 30 images over the dataset of
each class to train ourmodel and the rest 20 images were used
for testing. The statistical results are shown in Table 1.

Table 1 shows the comparison of evaluation performances
of the 9 models in the EDOC database. In this experiment,
the average values of six classes in Table 1 are used for
comparison. In the results, Ours has the best value in AUC.
The AUC of our model is highest (0.8421), followed by Judd
(0.8287) and GBVS (0.8284). However, the average is only
0.7642. It means the results of Ours are more identical with
ground truth than other models. Generally speaking, Ours
has good performance in this metric. And Figure 8 presents
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Table 1: Performance comparison of nine models in the EDOC dataset.

Metrics GT Ours AIM AWS GBVS ITTI STB SUN Torralba Judd Average
AUC 1.0000 0.8421 0.7232 0.7811 0.8284 0.6078 0.8151 0.7360 0.7158 0.8287 0.7642

Image GT Ours AIM AWS GBVS Itti STB Sun Torralba Judd

Figure 8: Some saliency maps are produced by 9 different models from the EDMERI database along with predictions of several models using
ROC. Each example is shown by one row. From left to right: original image, ground truth, Ours, AIM, AWS, GBVS, Itti, STB, SUN, Torralba,
and Judd. It is obvious that Ours is more similar to the ground truth than other saliency maps.

six examples of the saliency maps produced by our approach
and the other eight saliency models.

6.1.2. Analysis of Sensitivity, Specificity, and Youden. The abil-
ity of the different methods to predict humans’ classification
visual saliency maps was evaluated using conventional sen-
sitivity, specificity, and Youden measurements. These results
are shown in Table 2.

Table 2 shows sensitivity and specificity and Youden of
the 9 models in 60% salient region. Overall, all sensitivity,
specificity, and Youden measurements evidence that our
model outperforms the other models. The sensitivity of our
model is 73.2895%, which surpasses the average sensitivity
13.1638%, followed by Judd with 71.9905% and GBVS with
71.4794%. However, Itti had the lowest rate (only 40.8605%),
less than approximately half of Ours. And the larger value
of specificity (82.2354%) is also shown in our model, which
exceeds the average specificity 4.0582%. Besides, the sensitiv-
ity of other models are all under 80% and under Ours. Owing
to having the highest value of sensitivity and specificity,
Youden (0.5552) of our model is the highest among the 9
models, followed by Judd with 0.967 and GBVS with 0.4934.
Average Youden is 0.3830, which is only higher than half of
Ours. The indisputable fact is that the higher Youden is, the
higher authenticity the test has, and our model outperforms

the other models in all sensitivity, specificity, and Youden
measurements based on Table 2. Thus, Ours is suitable for
predicting humans’ classification visual saliency maps from
images.

6.2. Comparison of Humans’ Classification RoIs and Origi-
nal Images. To testify that humans’ classification RoIs out-
perform original images in objects classification, we used
humans’ classification RoIs (Figure 9) obtained by the orig-
inal images of EDOC database and humans’ classification
visual saliency maps to classify objects and then compare
the result of classification with outcome of the experiment
when using the original images of EDOC database as input
of classification. All images were resized in 100 × 100 pixels.
We input two groups of images, the original images and
humans’ classification RoIs to our CNN framework to extract
features. As introduced above, the architecture of the CNN
we used contained 4 convolutional layers and 4 subsampling
layers. For two groups of images, we input them to CNN by 3
times, and the frequency of training of CNN is, respectively,
500, 1000, and 1500. We randomly used 30 images of each
class as training data and 20 images of each class as testing
data. Finally, we used SVM to classify objects and used the
error rate to check out whether using humans’ classification
RoIs can make the classification results better and the whole
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Table 2: Sensitivity, Specificity, and Youden of nine models.

Metrics Ours AIM AWS GBVS ITTI STB SUN Torralba Judd Average
Sensitivity (%) 73.2895 51.8212 61.1878 71.4794 40.8605 67.9153 49.8252 52.7619 71.9905 60.1257
Specificity (%) 82.2354 77.4174 79.1480 77.8588 77.8217 78.8674 76.0314 76.5402 77.6745 78.1772
Youden 0.5552 0.2923 0.4034 0.4934 0.1868 0.4678 0.2586 0.2930 0.4967 0.3830

(a) Original images

(b) Our saliency maps

(c) Humans’ classification RoIs extraction

Figure 9: A sample of input of CNN. (a) is the original images of EDOC database. (b) is saliency maps acquired by our learning-based
saliency model. We use (a) and (b) that can extract the humans’ classification RoIs (c) which are the input of our CNN framework.

Table 3: The error rate of the classification results by three different
frequency trainings of CNN in two groups of input images.

Input images Frequency of
training 500 1000 1500

300 original images Error rate% 73.3 50.0 36.5
Humans’ classification RoIs 63.3 36.7 18.2

processing of this experiment as Figure 10 showed. The error
rates of the classification results by three different frequency
trainings, 500, 1000, and 1500 in two groups of input images,
including original images and humans’ classification RoI, are
shown in Table 3.

Table 3 demonstrates the error rate of the experiments’
result by three different frequency trainings in two groups of
input images. Overall, all results evidence that our method
based on humans’ classification RoIs exceeds traditional
CNNbased onoriginal images. Althoughwhen the frequency
is 500, the error rate of two method is all more than 50%,
our method is less than traditional method 10%. With the
increasing of the frequency of training, the error rate of our
method based on humans’ classification RoIs drops quickly
from 63.3% to 18.2%. However, the error rate of traditional
CNN based on original images is 50% when the frequency of
training is 1000, and even when the frequency of training is
1500, it is still more than 30%. Besides, along with increasing
of frequency of training, the error rate will be lower. As we all
know, the error rate is lower, and the results of classification

Table 4: The comparison of error rate of the classification’s results
in two features extracting ways.

Features Frequency of
training 500 1000 1500

Features extracting by CNN
Error rate%

63.3 36.7 18.2
High-level features and
features extracting by CNN 51.7 25.8 14.2

are better. So it is not denied that humans’ classification RoIs
can make the results of classification better.

6.3. Combining High-Level Features and Features Extracted
CNN. To prove that combining high-level features and local
features extracted by CNN can make the results of classi-
fication better, we performed an experiment which added
high-level features to SVM model to classify objects and
then compared the classification’s result of experiment 6.2.
And the other settings of experiment 4 were the same as
experiment 3 and the whole processing of this experiment
as Figure 11 showed. And the comparison of error rate of the
classification’s results in two features extractingways is shown
in Table 4.

Table 4 shows the comparison of error rate of the
classification’s results in two features extracting ways. On
balance, all results evidence that the classification way based
on combining two types of features exceeds only based on
features extracting by CNN. When the frequency is 500, the
error rate of comprehensive method is 51.7%, which is less
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Figure 10: The whole processing of comparing the classification results when using humans’ classification RoIs as input of classification and
when using original images as input of classification. Different from traditional classification method using original images for classification,
our classification method uses humans’ classification RoIs as input of classification. After extracting features by CNN, we use SVMmodel to
classify objects and then use the error rate of classification and convergence rate as evaluation criterion.
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Figure 11: The whole processing of combining high-level features and features obtained by CNN to classify objects. Before SVM model, we
added high-level features and then use the error rate of classification and convergence rate as evaluation criterion.

than the single method nearly 12%. According to Table 4,
we can conclude that the bigger frequency of training is,
the lower error rate will be. But when the frequency of
training is 1000, the error rate of comprehensive method
(25.8%) is also less than the single method (36.7%) nearly
10%. Most of all, when the frequency of training is 1500, the
error rate of comprehensive method (14.2%), which is less
than the single method 4%, is almost half of the error rate
of the method (36.5%) using original images according to
the Table 3. Hence, adding high-level features can make the
classification results better.

6.4. Performance of Our Classification Method in 6000 Images
Classification. Sections 6.1, 6.2, and 6.3 are all based on the
300 images of EDOCdatabase; the numbers of images are not
big, but there is not suitable and available big database includ-
ing the six classes objects to testify the robustness of our clas-
sification method. Thus, we construct big database ImageSix
(Figure 12), including 6000 images from the Internet. Firstly,
we used Ours to predict the humans’ classification RoIs of
the images of ImageSix database. Secondly, we extracted
the local features of these humans’ classification RoIs by
CNN.Then, we combined these local features with high-level
features extracted by Ours to perform three classification
experiments by SVM, and the frequency of training of CNN
was also, respectively, 500, 1000, and 1500. For SVM, we
randomly used 600 images of each class as training data
and 400 images of each class as testing data. The whole
processing of this experiment is shown in Figure 13. Finally,
we compared the classification’s results of our method with
outcome of classification method which used the original
images as input and extracted features only based on CNN,
and the experiment’s results are shown in Table 5.

Table 5 shows the error rate of the experiments’ result
by two methods in ImageSix database. From it, we can
conclude that, with the increasing of the number of the

Table 5: The error rate of the classification results by three different
frequency trainings of CNN in two groups of input images.

Method Frequency of
training 500 1000 1500

Without improvement Error rate% 63.2 56.7 46.9
Our classification method 44.6 33.8 29.1

training images, the error rate of two methods both drop,
but all results evidence that our classificationmethod exceeds
the classification method without improvement. When the
frequency is 500, the error rate of our method is 44.6%,
which is less than classificationmethodwithout improvement
(63.2%) nearly 20% and is even less than the error rate of
classification method without improvement (56.7%) in the
1000 frequencies of training. With increasing of frequency
of training, the error rate will be lower. However, when the
frequency of training is 1500, the error rate of classification
method without improvement is still more than 47%. With
the increasing of the frequency of training, the error rate
of our method drops quickly from 44.6% to 29.1%. Thus,
our classification method can make the classification results
better without doubt.

7. Conclusion and Discussion

Thepresent paper has introduced a new classificationmethod
which combines learning-based visual saliency model and
CNN. This method inspired the completed processing that
humans classify different kinds of objects and has apparently
advantages in biology.

Firstly, we established a database, called EDOC, to learn
common people visual behaviors and record their eye-
tracking data when they classify different objects.
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Figure 12: Images. A sample of the 6000 images of ImageSix database.
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Figure 13: The whole processing of our classification method validated by ImageSix database. First, we predicted humans’ classification RoIs
of original images in ImageSix database. Second, we combined the features extracted by CNN and high-level features to classify objects by
SVM and then used the error rate of classification as evaluation criterion.

Secondly, we built a learning-based visual saliency model
trained by EDOC database. Our model has the ability to
automatically learn the relationship between saliency and
features. And our model simultaneously considers appearing
frequency of features and the pixel location of features, which
intuitively have a strong influence on saliency. As a result, our
model can determine saliency regions and predict humans’
classification RoIs more precisely.

Then, we built a CNN framework and used humans’
classification RoIs obtained from our visual attention model
to train CNN; thus, it will be closer to humans.

Finally, for improving the biological advantages of our
computer automatic classification method, we combined the
3 dimension high-level features with 648 dimension local
features gained by our CNN network to classify objects by
SVM.

To evaluate every aspect of our classification method,
we performed 4 groups of experiments. In particular, we
established a big ImageSix database, including 6000 images
to testify the robustness of our classification method. And
all experimental results showed that our method made the
efficiency of classification improve significantly.

Our classification method is inspired by the completed
processing that humans classify different kinds of objects;
however, it is not denied that human thinking process is so
sophisticated; we cannot copy the full processing. Besides, for
different objects, human thinking process is quite different.
So, in the future, to improve the performance of our method,
we can optimize the processing of feature extraction andbuild
different CNN framework for different objects; meanwhile, it
will become very costly.
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With the design and development of smart cities, opportunities as well as challenges arise at the moment. For this purpose, lots of
data need to be obtained. Nevertheless, circumstances vary in different cities due to the variant infrastructures and populations,
which leads to the data sparsity. In this paper, we propose a transfer learning method for urban waterlogging disaster analysis,
which provides the basis for traffic management agencies to generate proactive traffic operation strategies in order to alleviate
congestion. Existing work on urban waterlogging mostly relies on past and current conditions, as well as sensors and cameras,
while there may not be a sufficient number of sensors to cover the relevant areas of a city. To this end, it would be helpful if we
could transfer waterlogging. We examine whether it is possible to use the copious amounts of information from social media
and satellite data to improve urban waterlogging analysis. Moreover, we analyze the correlation between severity, road networks,
terrain, and precipitation. Moreover, we use a multiview discriminant transfer learning method to transfer knowledge to small
cities. Experimental results involving cities in China and India show that our proposed framework is effective.

1. Introduction

With the design and development of smart cities, opportuni-
ties and challenges arise at the moment. For this purpose, a
huge amount of physical sensor and social media data need
to be obtained. Nevertheless, circumstance vary in different
cities due to the variant infrastructures and populations,
which leads to the data sparsity, Bassoli et al. [1]. For example,
because of the huge population and perfect infrastructure,
social media data in big cities are relatively easy to obtain.
However, small towns have smaller populations and, hence,
relatively inactive social media. Therefore, it is difficult to
build a smart city system based on those data. Meanwhile,
numerous applications have been modeled through the anal-
ysis of data in large cities. To this end, we transfer knowledge
from big cities to small ones for urban waterlogging disaster
analysis.

With the increasing severity of urban waterlogging disas-
ters in some developing countries, such as China and India,
urbanwaterlogging analysis has become a critical component
in modern smart city systems, Gupta [2] and Zhang et al.
[3]. Accurate analysis of urban waterlogging conditions

can significantly help traffic management agencies generate
proactive strategies to mitigate congestion, which can help
drivers better plan their trips by avoiding routes expected
to be congested. Existing research in the area primarily
focuses on past and current conditions, as well as sensors
and cameras. However, these data are relatively insufficient
to plan for the entire city. Thus, there is considerable interest
in using social media to detect urban waterlogging without
using physical sensors.

With the rapid growth of social media, more and more
people are using Twitter, Facebook, and so forth, to commu-
nicate theirmoods, activities, andplans, aswell as to exchange
news and ideas, Cranshaw et al. [4]. This has created a mas-
sive repository containing information inaccessible through
conventional media.This repository includes users’ messages
relating to urban waterlogging conditions in their areas at
different times, such as “Deepwater on new seven street. Cars
unmoved” and “Big road blocks at intersection; tire in deep
water”. In large cities, it is viable to have at one’s disposal large
amounts of data related to urban waterlogging, Yin et al. [5],
Quan et al. [6], and Yadav et al. [7]. However, small cities
may not produce adequate social media data for this purpose.
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Moreover, most waterlogging events are caused by poor road
networks, low terrains, and high precipitation in a short
time, and normally these kinds of data are easily obtained.
Moreover, data in different cities have different distributions.
For example, different peoplemay post different tweets for the
same event because of reginal differences. The same physical
condition may also not necessarily lead to the same severity
of waterlogging. In such cases, different cities are equivalent
to different domains. It would be helpful if we could transfer
urbanwaterlogging knowledge from its local domain to a new
one.

Motivated by the uniqueness of the information avail-
able on social media and through satellites and the close
relationship between this information and the severity of
urban waterlogging, we set ourselves the task of determining
whether we can retrieve the relevant Twitter and satellite data
and transfer the knowledge conveyed by these to small cities
to analyze urban waterlogging, Wu et al. [8]. We analyze
twitter data to acquire the locations of urban areas affected
by waterlogging and determine the severity. We utilize the
open APIs to access the stream of observation records and
then establish a correlation between the relevant social media
content and satellite features. Moreover, we map the loca-
tion with entities from external knowledge bases to enrich
features. Following this, we analyze the waterlogging data
and transfer them to small cities, for which we do not have
adequate data of this sort, through a multiview discriminant
transfer learningmethod.We found thatmost small cities can
monitor urban waterlogging disasters through our method.

This paper’smajor contributions can be described in three
aspects:

(1) We propose a multiview discriminant transfer learn-
ing method between cities for urban waterlogging
disaster analysis.

(2) We analyze the features that have influence on urban
waterlogging disaster analysis.

(3) We evaluate the method by various data sources
including global satellite-based precipitation data,
weather forecast reports data, and Weibo/WeChat
data in China and India.

The rest of the paper is organized as follows. In Section 2,
we briefly review existing work on social media disaster
mitigation and data sparsity in urban computing. We offer
preliminary definitions and present the problem statement
in Section 3. In Section 4, we propose social and physical
view analyses as well as the proposed multiview discriminant
transfer learning method for urban waterlogging. We show
the setup and results of our experiments in Section 5 and
conclude the paper in Section 6.

2. Related Work

2.1. Social Media for Disaster Mitigation. As mentioned in
Section 1, researchers nowadays are trying to exploit the
wealth of information available on social media for various
purposes. For example, there is considerable interest in using
social media to detect emerging news or events: in Petrović

et al. [9], the authors address the problem of detecting new
events from a stream of Twitter posts using an algorithm
based on locality-sensitive hashing. In Sankaranarayanan et
al. [10], the authors propose a new processing system called
“TwitterStand” to capture tweets that correspond to breaking
news. The authors in Sakaki et al. [11] investigate the real-
time reception of events, such as earthquakes, on Twitter, and
propose a probabilistic spatiotemporal model for the target
event that can locate the center and the trajectory of the event.

Furthermore, some researchers are investigating the
extraction from tweets of information that might be useful
in other domains. In Bollen et al. [12], the authors attempted
to determine whether public mood correlates with, or is
even predictive of, economic indicators. To this end, they
first derived collective mood states from large-scale Twitter
feeds and then performed a correlation analysis with the
Dow Jones Industrial Average (DJIA) over a certain period of
time. They showed that the accuracy of DJIA predictions can
be significantly improved by including specific public mood
dimensions, such as “calm.” In Eisenstein et al. [13], based
on geotagged social media, the authors proposed a multilevel
generative model that reasons jointly about latent topics and
geographical regions.

With the revival of interest in deep learning, incorpo-
rating the continual representation of a word as a feature
has proved to be effective in a variety of natural language
processing (NLP) tasks, such as parsing, language modeling,
and named entity recognition (NER). In sentiment analysis,
Bespalov et al. [14] initiated word-embedding using Latent
Semantic Analysis and represented each of several docu-
ments as the linear weight of 𝑛-gram vectors for sentiment
classification. Our proposed work belongs to this direction
of research, and we attempt to build a correlation between
Twitter data and a new domain, namely, urban waterlogging
analysis.

2.2. Data Sparsity in Urban Computing. Theproblem of data-
missing was caused by many reasons. For example, different
venues have different user visits. More seriously, some venues
may not have people visiting them at all. Data sparsity has
been studied formany years in research. In urban computing,
there have beenmany techniques that can be applied to tackle
this problem. Matrix factorization decomposes a matrix into
a production of two or three matrices. When the matrix is
very sparse, we usually can approximate it with three low-
rank matrices. For more dimensions, tensor decomposition
can be used to approximate the tensor with themultiplication
of three low-rank matrices and a core tensor. However, these
methods can only handle data sparsity in a single city.

There has been a major assumption that the training and
testing data must be in the same feature space in machine
learning tasks. Nevertheless, this assumption may not hold
in many real-world applications, Pan and Yang [15]. For
instance, in a classification task, we have insufficient data in
one domain of interest but we only have sufficient training
data in another domain of interest, which follow a different
distribution. Luckily, transfer learning algorithms help solve
this problem, which also can deal with data sparsity problems
in urban computing.
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Transfer learningmodels data from related but not identi-
cally distributed sources.Multiview learning has been studied
extensively in single-domain settings, such as cotraining,
Dai et al. [16]. However, little has been done with regard to
multiview transfer. Chen et al. [17] proposed Cotraining for
Domain Adaptation (CODA), a pseudo multiview algorithm
with only one view for original data that may not be effective
for the real multiview case. Zhang et al. [18] proposed an
instance-levelmultiview transfer algorithm (MVTL-LM) that
integrates classification loss and views consistency terms in
a large-margin framework. Yang and Gao [19] proposed a
multiview discriminant transfer (MDT) learning approach
for domain adaptation. Unlike MVTL-LM, our method is
at the feature level, which mines the correlations between
views together with the domain distance measure to improve
transfer. UnlikeMDT, our method additionally labels data by
social media and is optimized in a mapping algorithm in the
urban waterlogging analysis case.

3. Approach

3.1. Preliminary

Definition 1 (city block). City block is a region divided by
a city (e.g., 1 km × 1 km in our experiments), assuming that
urban waterlogging severity in different blocks 𝑔 is uniform.

Definition 2 (social view). A feature vector svi of a block
which is obtained by various social media assistance data
analyses of smart cities:

svi = 𝑓 (tweets) , (1)

where 𝑓(⋅) is function that converts the block’s raw social
media data into a feature vector of social view and tweets are
the twitter and Weibo (a twitter like website in China) texts
with geotags posted in this block.

Definition 3 (physical view). A feature vector pvi of a block
obtained from physical sensors:

pvi = 𝑔 (precipitation, terrain,POIs, road) , (2)

where 𝑔(⋅) is function that converts the block’s raw physical
sensor data into a feature vector of physical view and
precipitation, terrain, POIs, and road are the raw data of
precipitation, terrain, POIs, ad road obtained in this block.

3.2. Framework. As shown in Figure 1, our framework
consists of two major parts: feature extraction of the original
city and transfer learning, which involves the analysis of
urban waterlogging in small cities. We also map the locations
of blocks with entities from Yago2 (http://www.mpi-inf.mpg.
de/departments/databases-and-information-systems/resear-
ch/yago-naga/yago/), geoname (http://www.geonames.org/),
and WikiData (http://www.wikidata.org) to enrich our
waterlogging related knowledge. For example, we may obtain
a POI category “Tiandu” for “Residential district.” In this
way we may be able to obtain additional knowledge about
“Tiandu” and “Residential district”; for example, “what

Big cities Small cities

Urban data preprocessing
Multiview discriminant analysis

Social view
Tweets

Transfer learning
Auto encoding, classification algorithm

Social view Physical
view

Service providing
Urban waterlogging analysis and so forth

Physical view
Precipitation,

road and so forth

Urban data preprocessing
Multiview discriminant

analysis

Figure 1: Multiview discriminant transfer learning framework.

was the place Tiandu before (a lake or lowland may result
in severe waterlogging),” or “where is the nearest river to
the residential district.” We construct the social view and
physical view separately and throughmultiview discriminant
transfer learning we transfer urban waterlogging knowledge
to small cities.

Problem Statement. Each city contains blocks 𝐶
𝑠𝑖
= {𝐷
𝑠
}. We

use urban sensors and news reported events of each block’s
waterlogging severity as label. A three-level rating system
is adopted: normal (there is no waterlogging at all), middle
(the water is very shallow and has no effect on driving), and
severe (sever road waterlogging and dangerous for driving).
For example, if the sensors or news reporting the location
“Changle Road, Hangzhou” have severe urban waterlogging,
we calculate the block’s id of this location and get the label
data “2 15 2”, where the first “2” is the id of “Hangzhou,”
“15” is the id of block that contains “Changle Road,”and the
last “2” is the label. For the source cities, we have 𝐷

𝑠
=

{(svi(𝑖), pvi(𝑗), 𝑦(𝑘))}, where svi(𝑖) and pvi(𝑗) are social view and
physical view of block 𝑖, 𝑦

𝑖
∈ {0, 1, 2}.

We utilize FDA2, Diethe et al. [20], to learn a “middle”
feature representation 𝑓

𝑖
of a block 𝑖 from svi(𝑖) and pvi(𝑖).

Then we follow the research of autoencoders, Zhuang et al.
[21], to build a feature mapping and use the source domain
data jointly for classifier training.

4. Transfer Learning Framework

4.1. Model Social View. The social media obviously will have
huge amount of waterlogging related data for different blocks.
So we obtain tweets from twitter andWeibo to obtain features
to analysis of urban waterlogging in Indian and China.

We use the trained word-embedding from Glove, Pen-
nington et al. [22]. We manually construct a dictionary D of
urban waterlogging with its severity description phrases like
{“seeseaontheraod”, “deepwater, carunmoved”, . . .} and label
the phrases. Then we can calculate the average vectors of
phases describing normal, middle, and severe waterlogging:
Vecnormal,Vecmidlle,Vecsevere. Furthermore, we calculate the
top 50 words 𝑊[50] = {word

1
,word

2
, . . . ,word

50
} that



4 Computational Intelligence and Neuroscience

appear in 𝐷 most. For a certain block, now we obtain
each word-embedding of tweets posted in this region. We
assume that each waterlogging related tweet is true; then
we construct the feature vector of social view related to
the severity of urban waterlogging. The distance between
the words or phases describing the severity can be a good
measurement of the real severity of urban waterlogging.
For example, some phrases often appear in the place of
serious waterlogging such as “see the sea in the downtown,”
whichmeans the waterlogging is serious.We represent word-
embedding of phases with the average of its word vectors.
The word-embedding of phases near these phases describes
almost the same severity. Moreover, the frequency of words
is also a good feature of event severity. For instance, a block
with more than 100 severe waterlogging related tweets may
truly have severe waterlogging. Specifically, for a tweet “deep
water, car unmoved,” we firstly calculated the vector of tweet
through vectweet = (vec(“deep”) + vec(“water”) + vec(“car”) +
vec(“unmoved”))/4; then we calculate the distance of vectweet
and Vecnormal,Vecmidlle,Vecsevere, respectively. At last, we
observe weather the words in 𝑊[50] appear in tweet and
record the times.

Finally we build social view of block as

svi = [

∑
𝑁

1
(vec
𝑖
− Vecnormal)

𝑁

,

∑
𝑁

1
(vec
𝑖
− Vecmidlle)

𝑁

,

∑
𝑁

1
(vec
𝑖
− Vecsevere)
𝑁

,Appearance [50]] ,

(3)

where vec
𝑖
means the word-embedding of a tweet, 𝑁 is the

number of tweets in this block, Vecnormal,Vecmidlle,Vecsevere
are average vectors of phases describing normal, middle, and
severewaterlogging, andAppearance[50] is a 50-dimensional
vector and records the occurrence number of words in 𝑊

(Appearance[1] = 12 means the word𝑊[1] appears 12 times
in the tweets from this block).

4.2. Model Physical View. The concentration of urban water-
logging is influenced by meteorology and terrain. Accord-
ingly, we identify precipitation. We analyze the correlation
matrix between urban waterlogging severity and such fea-
tures using data collected from several cities in China and
India. More specifically, for each waterlogging location 𝑙

𝑖
, we

measure (1) precipitation, (2) terrain, (3) road network, and
(4) POIs bymining the physical features in𝑔

𝑖
, {𝑝 : 𝑝 ∈ 𝑃&𝑝 ∈

𝑔
𝑖
} in which 𝑃 is the set of physical view in big cities.

4.2.1. Precipitation. Apparently, the precipitation in specific
area and specific period imply the locations and severity of
waterlogging. We use the total precipitation data in the last
one, two, three, six, twelve, and twenty-four hours and time
in the block as features. Formally we have

𝑓
𝑃𝑅

𝑖
= [(𝑃
1
, 𝑃
2
, 𝑃
3
, 𝑃
6
, 𝑃
12
, 𝑃
24
, 𝑡)] , (4)

where 𝑃
𝑖
is the precipitation in last 𝑖 hours and 𝑡 is the current

time.

4.2.2. Terrain. Apparently, a high terrain disperses the con-
centration of severity, and high precipitation usually causes a
high concentration. For example, for a block 𝑔

𝑖
, it has eight

neighbours 𝑞
𝑖
. We have to calculate the relative terrain value

of block 𝑔
𝑖
in consideration of 𝑞

𝑖
. For example, a place may

have a low terrain value (normally have high possibility of
occurrences of waterlogging), but its neighbors are much
lower in terrain values, so the possibility of occurrences of
urban waterlogging is lower. Formally we have

𝑓
𝑇

𝑖
=
[

[

(

8

∑

𝑗=1

(𝑇 (𝑞
𝑗
) − 𝑇 (𝑔

𝑖
)) , 𝜆)

]

]

, (5)

where 𝑞
𝑗
is in the block next to 𝑔

𝑖
, 𝑇(𝑞
𝑗
)means the elevation

of block 𝑞
𝑗
, and 𝜆 is the elevation measurement error.

4.2.3. Road Network. The structure of a road network has a
strong correlation with its terrain pattern, thus providing a
satisfactory complement to severity modeling. We identify
the following three features for each block based on a road
network database: (1) length of elevated road, (2) number of
culverts, and (3) the number of intersections in the region.
Formally we have

𝑓
𝑅𝑁

𝑖
= [(𝐿, 𝐶, 𝐼)] , (6)

where 𝐼 is the number of intersections, 𝐿 is the length of
elevated road, and 𝐶 is the number of culverts.

4.2.4. POIs. The POIs indicate the patterns of this region,
hence contributing to urban waterlogging analysis. A POI
may have directly causal relation to it. For example, if a
region has large building land spaces, its severity tends to be
bad. A park, however, usually leads to less waterlogging. In
short, these features are significantly discriminative in urban
waterlogging severity analysis. Hence, we apply an entropy to
measure the functionality heterogeneity of a block. Let ♯(𝑖, 𝑐)
denote the number of POIs of category 𝑐 ∈ 𝐶 located in 𝑔

𝑖

and ♯(𝑖) be the total number of POIs of all categories located
in 𝑔
𝑖
. The entropy is defined as

𝑓
POI
𝑖

= −∑

𝑐∈𝐶

♯ (𝑖, 𝑐)

♯ (𝑖)

× log ♯ (𝑖, 𝑐)
♯ (𝑖)

. (7)

At last, we have

pvi = [𝑓
𝑃𝑅

𝑖
, 𝑓
𝑇

𝑖
, 𝑓
𝑅𝑁

𝑖
, 𝑓

POI
𝑖

] . (8)

4.3. Multiview Discriminant Analysis. In reality we now can
concatenate social view andphysical view into one single view
to adapt to the learning setting. However, this concatenation
causes overfitting in the case of a small size training sample
and is not physically meaningful because each view has a
specific statistical property. According to studies of Zheng
et al. [23], treating features extracted from different data
sources equally do not achieve the best performance. In
contrast to single view learning, multiview learning as a
new paradigm introduces one function to model a particular
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view and jointly optimizes all the functions to exploit the
redundant views of the same input data and improve the
learning performance.

Diethe et al. extended Fisher’s Discriminant Analysis
(FDA) to FDA2 by incorporating labeled two-view data into
the Canonical Correlation Analysis (CCA) framework as
follows, Diethe et al. [20] and Melzer et al. [24]:

max
(𝑤
𝑠
,𝑤
𝑝
)

𝑤
𝑇

𝑠
𝑀
𝑤
𝑤
𝑝

√𝑤
𝑇

𝑠
𝑤
𝑠
⋅ √𝑤
𝑇

𝑝
𝑀
𝑝
𝑤
𝑝

, (9)

where

𝑀
𝑤
= 𝑋
𝑇

𝑠
𝑦𝑦
𝑇

𝑍
𝑠
,

𝑀
𝑠
=

1

𝑛

𝑛

∑

𝑖=1

(𝜙 (𝑠
𝑖
) − 𝜇
𝑠
) (𝜙 (𝑠

𝑖
) − 𝜇
𝑠
)
𝑇

,

𝑀
𝑝
=

1

𝑛

𝑛

∑

𝑖=1

(𝜙 (𝑝
𝑖
) − 𝜇
𝑝
) (𝜙 (𝑝

𝑖
) − 𝜇
𝑝
)

𝑇

,

(10)

where 𝑤
𝑠
and 𝑤

𝑝
are the means of the source data from the

two views. The numerator in (9) reflects the interclass dis-
tance, which needs to be maximized, while the denominator
reflects the intraclass distance, which should be minimized.
The above optimization problem is equivalent to selecting
vectors that maximize the Rayleigh quotient:

𝑟 =

𝜁
𝑇

𝑄
𝑤
𝜁

𝜁
𝑇
𝑃𝜁

, (11)

where 𝑄
𝑤
= (
0

𝑀
𝑇

𝑤

𝑀
𝑤

0
) , 𝑃 = (

𝑀
𝑠

0

0

𝑀
𝑝

) and 𝜁 = (
𝑤
𝑠

𝑤
𝑝
). Note

that 𝑄
𝑤
encodes the interclass distance, whereas 𝑃 encodes

the compound information about the view-based intraclass
distances. Further, 𝜁 is an eigenvector. Such an optimization
is different from FDA2 and facilitates its extension to cross-
domain scenarios, which will be presented in the following
subsection. For an unlabeled instance, the classification
decision function is given by

𝑓 (𝑠
𝑖
, 𝑝
𝑖
) = [𝑤

𝑇

𝑠
𝜙 (𝑠
𝑖
) + 𝑤
𝑇

𝑝
𝜙 (𝑝
𝑖
) − 𝑏] , (12)

where 𝑏 is the threshold.
After multiview discriminant analysis, we obtain a single

view feature vector for each city, which is able to be used by
machine learning algorithm. However, the sparsity of label
data is still a problem. The model based on these single city
data is quite unreliable. So we try to use transfer learning.

4.4. Autoencoders. In our problem, the feature vector of
different cities has different distributions. The feature-
representation-transfer approach to the inductive transfer
learning problem aims at finding good feature representa-
tions to minimize domain divergence and classification or
regression model error. We use autoencoder to construct a
feature representation. An autoencoder is a mapping from an
instance 𝑥 to a hidden representation 𝑧 through 𝑧 = ℎ(𝑊𝑥 +

𝑏), After that, the hidden representation 𝑧 is reconstructed to
�̂� = 𝑔(𝑊



𝑧 + 𝑏


).

The object function of autoencoder is formalized as

min
𝑊,𝑏,𝑊


𝑏
 =

𝑛

∑

𝑖=1





𝑥
𝑖
− �̂�
𝑖






2

. (13)

4.5. Transfer Learning. Finally we proposed the optimization
problem as follows:

min
Θ,Θ

,{𝜃
𝑗
}
= 𝜖 (𝑥

𝑆
, �̂�
𝑆
, 𝑥
𝑇
, �̂�
𝑇
) + 𝛾Ω (Θ,Θ



)

+ 𝛼𝜄 (𝑧
𝑆
, 𝑦
𝑆
; {𝜃
𝑗
}) ,

(14)

where the first term represents the reconstruction error:

𝜖 (𝑥
𝑆
, �̂�
𝑆
, 𝑥
𝑇
, �̂�
𝑇
) =

𝑟

∑

𝑖=1

𝑛
𝑗

∑

𝑖=1






𝑥
𝑆
𝑖

− �̂�
𝑆
𝑖







2

+

𝑛

∑

𝑖=1






𝑥
𝑇
𝑖

− �̂�
𝑇
𝑖







2

,

(15)

where 𝑥
𝑆
, 𝑥
𝑇
are the source and target feature representa-

tions and �̂�
𝑆
, �̂�
𝑇
are the representations through encoding

and decoding by autoencoder.
The second term represents regularization: Θ = {𝑊, 𝑏}

and Θ = {𝑊


, 𝑏


}.
The third term represents the total loss of the softmax

regression classifier.
We adopt the gradient descent methods for the solution.

Algorithm 4. Multiview transfer learning with autoencoders:
Input

The source dataset𝐷
𝑠
= {(svi(𝑖), pvi(𝑗), 𝑦(𝑘))}

The target dataset𝐷
𝑡
= {(svi(𝑚), pvi(𝑛), 𝑦(𝑝))}

Trade-off parameters 𝛼, 𝛾, hidden features number 𝑘.

Output. Target domain classifier.

(1) Initialize𝑊, 𝑏,𝑊
, and 𝑏.

(2) Run multiview discriminant analysis to combine
social view svi and physical view psi into a single view.

(3) Fix {𝜃
𝑗
}; update𝑊, 𝑏,𝑊

, and 𝑏 alternatively.

(4) Fix𝑊, 𝑏,𝑊
, and 𝑏; update {𝜃

𝑗
}.

(5) If converge, output classifier; otherwise, go to Step (3).

4.6. Target Classifier Construction. Given 𝑏,𝑊


, 𝑏


,𝑊, and
{𝜃
𝑗
}, the classifier 𝑓

𝑇
can be obtained. Formally, we have

𝑓
𝑇
(𝑥
𝑇
) =

1

𝑟

𝑟

∑

𝑗=1

(𝜃
𝑇

𝑗
(𝑔 (𝑊𝑥

𝑇
+ 𝑏))) , (16)

where 𝑔(𝑥) is the classifier function of softmax regression.
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West Lake

Figure 2: Social media in Beijing and Hangzhou.

Table 1: Details of the datasets.

Data sources China India
City number 10 4
Social media 35,324,237 (Weibo) 1,321,421 (Twitter)
Precipitation 2013.5–2013.12 (7M) 2013.5–2013.12 (3M)
Road network 534 (Culvert) 231 (Culvert)
Terrain 437 253
POIs 310,230 75,217

5. Experiments

5.1. Datasets. Urban waterlogging is one of the most serious
hazards in several big cities across the world, especially
in China and India. In 2013, hundreds of cities reported
being waterlogged for dozens of days at various times. The
source code and sample data of experiments can be obtained
from https://github.com/zxlzr/UrbanWaterloggingInference.
In our experiment, we used the following five real datasets
showed in Table 1:

(1) Social media: we collected data from both Twitter and
SinaWeibo, which is a twitter-like website that was in
use across at least 10 cities in China and India in 2013
and 2014.

(2) Meteorological data: we collected precipitation mete-
orological data from the National Oceanic and Atmo-
spheric Administration’s (NOAA) web service every
hour.

(3) POIs: we collected POI data fromBaiduMaps for each
city.

(4) Road networks: the road network data was gathered
from Openmaps.

(5) Terrain: the terrain data was from Openmaps as well.

The feature data distributions we used in different cities
are quite different. As Figure 2 shows, the dark regions mean
the waterlogging related social media data are massive. The
social media data in Beijing is far more than Hangzhou.

Moreover, the label sparsity is quite different. For example,
121 blocks in Beijing (total 200) once have severe urban
waterlogging record; however for some relatively small cities
such as Hangzhou (total 180) the record is only 65. So we
use transfer learning to combine more data. For Hangzhou
as a target city and Beijing as source city, we use 30 blocks in
Hangzhou and 121 blocks in Beijing of label data as training
data, the other 35 as testing data.

5.2. Evaluation. In order to get the highest accuracy for all
the models, we cross-validate using the development set to
find the best hyperparameters. We obtain free-text descrip-
tions of places by adopting geoparsing (https://github.com/
ropenscilabs/geoparser) to convert text into unambiguous
geographic identifiers (lat-lon coordinates) and map the
entities with external knowledge bases. We set the trade-off
parameters 𝛼 = 0.01, 𝛾 = 0.03, and the number of hidden
features 𝑘 = 100.

We use different baseline algorithms to verify the effec-
tiveness of our method as follows:

(1) GBRT. Gradient boosting is a machine learning tech-
nique for regression and classification problems. We
only use single city data to build a model.

(2) ANN. We choose Artificial Neural Network (ANN)
with backpropagation technique as another baseline.
The constructed ANN contains one hidden layer. The
ANN method simply treats all labeled data from all
stations and all cities (not using multiview) as the
training data to build a model.

(3) TrAdaBoost. Dai et al. [25] proposed a boosting
algorithm, TrAdaBoost, which is an extension of the
AdaBoost algorithm, to address the inductive transfer
learning problems. It attempts to iteratively reweight
the source domain data to reduce the effect of the bad
source data while encouraging the good source data
to contribute more for the target domain and it is an
instance-transfer approach.

Metrics. Because we use a three-level rating system (2 >

1 > 0), given ReferanceSet obtained from sensors and news
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Figure 3: Transfer learning from a single city.

report and given PredictionSet = {𝑦
𝑖
≥ 1}, formally we have

Precision =





⋂ (PredictionSet,ReferanceSet)



|PredictionSet|
,

Recall =




⋂ (PredictionSet,ReferanceSet)



|ReferanceSet|
.

(17)

We evaluate the final result with 𝐹1 = (2 × Precision ×

Recall)/(Precision + Recall) score.

5.3. Results

5.3.1. Single City Transfer. We chose a source city and trans-
ferred the relevant waterlogging knowledge pertaining to it
to a target city. The enhancement obtained by the transfer of
learning over the original method is showed in (18). Note that
𝐹
𝑠𝑡
represents the F1 score of transfer learning methods from

city 𝑠 to city 𝑡, whereas 𝐹
𝑡
is the F1 score obtained by city 𝑡

itself by GBRT.
In Figure 3, we show the difference in enhancement

between the transfer learning method and the method
obtained directly from the city. Different boxes represent
the speedup of the transfer learning method and the direct
method, from the city represented in the abscissa to that in
the ordinate. With the increase in the coordinate axis, the
social media size of the city increases, whichmeans the social
media size in Beijing is bigger than Tianjin, for example. We
use the social media size to evaluate its relative size of the
city. In fact, city with more social media activities is usually
relatively bigger than that with less social media activities.
We see that our transfer learning method outperformed the
method obtained directly from the city when transferring
knowledge from a large city to a small one. Actually, with
the size of social media increasing, the size of training data
increases.

Enhancement
𝑡
=

𝐹
(𝑠𝑡)

𝐹
𝑡

. (18)

Table 2: The results of baseline and transfer learning for five target
cities.

Cities Social view Physical view Total
GBRT

Beijing 0.745 0.613 0.815
Shanghai 0.732 0.589 0.712
Hangzhou 0.555 0.511 0.711
Mumbai 0.781 0.631 0.811
New Delhi 0.781 0.711 0.722

ANN (not multiview)
Beijing 0.742 0.675 0.802
Shanghai 0.715 0.688 0.803
Hangzhou 0.713 0.566 0.814
Mumbai 0.832 0.662 0.802
New Delhi 0.754 0.744 0.813

TrAdaBoost (instance-transfer)
Beijing 0.762 0.676 0.812
Shanghai 0.755 0.617 0.883
Hangzhou 0.733 0.555 0.824
Mumbai 0.832 0.722 0.852
New Delhi 0.724 0.784 0.862

Multiview transfer learning with autocoder (feature-transfer)
Beijing 0.753 0.638 0.852
Shanghai 0.755 0.687 0.863
Hangzhou 0.763 0.595 0.894
Mumbai 0.832 0.732 0.892
New Delhi 0.754 0.794 0.912

5.3.2. Multiple City Transfer. Finally, we attempted to transfer
knowledge from multiple cities to a single city. For example,
if Beijing is a target city, we use total cities’ data as source city
(14 cities). In Table 2, we present the results for all features.
Actually, we have observed an improvement compared with
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the baseline. Regardless of any method, the F1 score using
total data is better than only using social view or physical
view. The GBRT method uses only single city data; its
effeteness is the worst. ANN only concentrate all data and
do not use multiview method. It is not as good as multiview
method. TrAdaBoost and ourmethod usemultiviewmethod,
while TrAdaBoost is an instance level transfer learning.
However, in our problem, the features in different cities have
different distribution. So feature-transfer method is better.

6. Conclusions

In this paper, we analyzed urban waterlogging using four
datasets. We transferred waterlogging knowledge between
cities and evaluate our method over 10 cities and a period of
more than 18 months. The evaluation showed that transfer-
ring urban waterlogging to small cities is applicable.

The transfer learning algorithm proposed here may also
have the same effect for some kind of data sparsity, such
as AQI in small cities. Thus, we hypothesize that the our
algorithm will succeed in transferring other urban knowl-
edge, such as air pollution and traffic from larger to smaller
cities and towns with scarce data. This can be understood
by analyzing the difference between cities and the rich
knowledge transfer obtained from big cities.

In future, we would like to apply our approach to more
cities. In addition, we would like to use transfer learning
method to solve other data sparsity problems in machine
learning.
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Word embedding, a lexical vector representation generated via the neural linguistic model (NLM), is empirically demonstrated to
be appropriate for improvement of the performance of traditional language model. However, the supreme dimensionality that is
inherent in NLM contributes to the problems of hyperparameters and long-time training in modeling. Here, we propose a force-
directed method to improve such problems for simplifying the generation of word embedding. In this framework, each word is
assumed as a point in the real world; thus it can approximately simulate the physical movement following certain mechanics.
To simulate the variation of meaning in phrases, we use the fracture mechanics to do the formation and breakdown of meaning
combined by a 2-gram word group. With the experiments on the natural linguistic tasks of part-of-speech tagging, named entity
recognition and semantic role labeling, the result demonstrated that the 2-dimensional word embedding can rival the word
embeddings generated by classic NLMs, in terms of accuracy, recall, and text visualization.

1. Introduction

Word embedding is a word numerical representation that
uses a continuous vector space to represent a group of words
[1]. In the word vector space, each word corresponds to a
unique point. Intuitively, those points that have similarmean-
ings should be put close, while those who are distant inmean-
ing should be put far away. Based on the space, the degree
of relation between words can be estimated via computing
the distance between vector points, such as the Euclidian or
Mahalanobis distance. Such semantic numeralization enables
textual and symbol data to be processed in the traditional
neural models. For this reason, more nature language pro-
cessing (NLP) systems are improved with these neural net-
work technologies [2] and enhance the performance of com-
mon natural linguistic tasks [3], such as POS (part-of-speech
tagging), chunking, NER (named entity recognition) [4], and
SRL (semantic role labeling). However, the training for such
word embedding is time consuming and required sophisti-
cated tuning for parameters of the model [5], because these
models have a huge number of parameters needed for train-
ing, which are high dimensional and sparse. Moreover, text

visualization for such high-dimensional data suffered the dis-
tortion of information from the preprocessing in dimensional
reduction, confusing the understanding of data relations [6].

The word vectorization has always been an active topic
for text mining and NLP. Their generating approaches can
be roughly divided into two categories: manual coding and
autocoding. Manual coding is to code words according to
the knowledge of domain experts. It is a heavy work for
considering the value of each word. For example, WordNet is
a huge project whose aim is to build a word graph database by
language experts, where word meanings are associated and
presented via the tree-based structural graph [7, 8]. Such
representation can only associate a few ranges of words for
each word. It is insufficient to build a global relation for all
words. On the other hand, autocoding is to code word by
neural network models [9]. Every word is initialized with a
random vector and varied following the parameter tuning
according to a range of contexts around a word. Generally,
such methods are performed by the training of NLM, where
word embedding is a part of result when the convergence
of the objective function is finished [1]. However, the NLM-
based approaches such as feedforward neural networks [1],
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recurrent neural network (RNN) [8], and restricted Boltz-
mann machine (RBM) [10] have also suffered from the high
learning complexity [11], sophisticated preferences [12], and
the curse of dimensionality [13].

In this article, we present a novel method for word
embedding learning that can reduce the high dimensionality,
which is inherent in the traditional NLM.We assume that the
generation of word embedding can be viewed as a particle
movement on a plane. Particles that are close represent the
corresponding words have the similar meaning, whereas the
particles that are distant represent the corresponding words
are far away inmeaning. For simulating text semantics as cor-
rectly as possible, a fracturemechanicsmodel is presented for
controlling the generating process of word embedding. We
aim to provide an effective, intuitive approach for learning a
2-dimensional word vector, which is applicable to the general
natural language tasks. In particular, we omit the homonymy
and polysemy for keeping the consistency of word represen-
tation. With this context, each word corresponds to a single
vector.The generatingmodel that is based onneural networks
is substituted by a particle system, which can simulate the
correlating process of semanticity between words.

Our specific contributions are as follows:

(i) We propose a force-directed model that is based on
fracture mechanics to generate word embedding. A
linear elastic fracture model is introduced to control
the varying progress of word semantic.

(ii) We use a language model that is based on the feedfor-
ward NLM to experiment with the word embedding
on the task of POS andNER and SRL, where the word
embedding is the input of the language model.

(iii) The coordinates of the 2-dimensional word embed-
ding can be used for word visualization that facilitates
observing the degree of relation among words intu-
itively.

The next section describes the related work regarding word
numerical representation. Section 3 introduces our method-
ology. Sections 4 and 5 give the result and discussion.
Section 6 gives a conclusion and some possible works in
future.

2. Background

2.1. Text Representation by Word Embedding. Choosing an
appropriate data representation can facilitate the performing
of a machine learning algorithm. The related methods have
developed at the level of automatic features selection accord-
ing to the requirement of applications [14]. As a branch of
machine learning, representation learning [15] has gradually
become active in some famous communities, especially to
investigate knowledge extraction from some raw datasets.
Text representation in natural linguistic tasks can be divided
into the three levels of corpus [16, 17], paragraph [18, 19],
and word [20–22]. This paper focuses on the representation
learning for words. Feature words and context have been
considered as the foundation for text representation learning
and the constructing of a NLP system [23–25]. We follow

this direction aiming at mapping word text to a vector space.
Compared with the representing level of paragraph and
corpus, word is the fewer granularities of semantics that is
more suitable to be analyzed by a vector distance.

The idea that uses a vector space to map word meaning
is proposed from [26] initially. The earlier representation
learnings fail to consider the semantic measurement for the
differences between words and emphasize how to quantize
feature words. For example, in [27], to represent the word
“dove,” the first byte of the corresponding representation
denotes the property of its shape that is set to “1,” if the dove
satisfies some conditions.The representation learning did not
focus on the context feature but presents some approaches
for measuring the differences regarding word semantic. The
self-organizing map (SOM) [27] is employed to compute
word vector distance, which uses the length to represent the
neighboring degree of word meanings. Based on SOM [28],
high frequency cowords are mapped to a 90-dimensional
vector space. The investigation [29, 30] for SOM-based word
vector applies it in the fields of NLP and data mining.

2.2. Generation of Word Embedding. Word representation
has started to integrate some measuring approaches for
text semantic with the developing of neural networks in
probabilistic linguistic model. Reference [31] proposed to
use neural network to build a language model. There exits
an assumption that the numerical result of those similar
meaning words should be put closely, whereas the result
regarding those distant meaning words should be put far
away. Meanwhile, the probability function is introduced to
add the probability output for NLM, which can give a statis-
tics result for estimating a given 𝑛-gram words combination.
In the proposedmodels, a convoluted neural network [3] that
is tuned by hand somewhat after learning obtains an accuracy
of 97.20% in POS, 93.65% in chunking, 88.67% in NER, and
74.15% in SRL. A comparison between conditional restricted
Boltzmann machine models and support vector machines
[32] is performed for a music annotator system, which is
based on the context around lyric that can use cooccurrence
and sequential features to improve the accuracy of labeling.
The SENNA software [3, 33] performs a word sense disam-
biguation with an accuracy of 72.35%.Word representation is
denoted by multiple vectors [4] to express the polysemy that
is tested onNER,which shows that it rivals the traditional lin-
guistic models. In addition, word representation learning has
been trained based on the 𝑛-gram models, hidden Markov
models, and partial lattice Markov random field model [34].

For representation learning by NLM, [1] proposes a feed-
forward neural network to train the word embedding, which
is regarded as the internal parameters requiring the tuning
following the object function. Reference [35] presents a text
sequence learningmodel that is called RNN, which is capable
of capturing local context feature in sequence of interest.
Following this route, more machine learning algorithms are
introduced to improve the weaknesses of natural linguistic
tasks. Reference [10] uses the restricted Boltzmann machine
to improve the performance of the sequential probability
function. Reference [36] creates a hierarchical learning that
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Table 1: Properties of word-particle.

Name Notes
ID Identifier
Pos Coordinates (word embedding)
Word Corresponding word
Mass Synthetic aliveness
TmpMass All backward related particle aliveness
history Mass Historical aliveness
Current Mass Current aliveness
Base Mass Identifier
Chain Backward related index
Max flaw Backward related degree
Flaw Current flaw length
Radius Repulsion radius
Pull Radius Tension-start radius
Velocity Current velocity of particle

represents the semantic relation among words as a tree struc-
ture. The deep learning mechanism is tried to build a NLM
[37].

2.3. Force Simulated Method. The force-directed algorithms
are mainly applied in data visualization. Reference [38] com-
pares several force-directed algorithms. Reference [39] uses
thesemethods for analyzing a complex social network, which
adds a gravity to draw the graph of social network. In some
cross-domain applications, wireless sensors network uses it to
build layouts [40], and [41] performs electrical circuit layouts
automatically based on the force rules.

The reason why we use the force simulated approach
to improve the generation of word embedding is that the
relation between words semantic is relatively stable within a
certain numbers of documents that depict the similar topic.
This is somewhat like the convergence of the stable energy
status in the force-directed algorithm. We are inspired it to
use the idea of the force-related methods to improve the
problems of NLM.

3. Methodology

3.1. Word-Particle Model. To map word into a particles
system, we must define a mapping rule that specifies which
attribute of particle corresponds to which feature of word
semantics. The linking table is shown in Table 1. The table
consists of two parts, where the left part designates the names
of each property for particles and the right part gives the
explanation for the corresponding semantic feature.

For more explanation, we explain them one by one.

(i) ID, each word has a unique identifier for relating the
corresponding particle.

(ii) Pos, it is exactly the attribute that we want to train,
which is also called word embedding that denotes the
coordinate of a particle in a plane actually.

Hello

Boy

Bye

World

Figure 1: An example of the word-particle model.

(iii) Mass, we use the concept of particle mass to denote
the occurrence frequency of a word.

(iv) TmpMass, we use the temporal mass of particle to
represent the coword frequency.

(v) Current Mass & history Mass & base Mass, they
represent the current mass, historical mass, and basic
mass of a particle, respectively. A function combined
with them that is used to control the occurrence
frequency of coword within a sampling period is
described as

Mass = base Mass +
history Mass
2

+

Current Mass
2

. (1)

For controlling the intensity of relevance between
words, we use the concept of edge in physic to
describe it.

(vi) Chain, it is an array for recording the ID of the
backward relating word.

(vii) Max flaw, it is the maximum associating strength
regarding a group of coword.

(viii) Flaw, it describes the associating strength regarding a
group of cowords.

(ix) Radius, it is the repulsion radius that keeps a mini-
mum distance from other word-particles.

(x) Pull Radius, it is the pulling radius, which means if
other word-particles break in, they will be pushed
away keeping the radius distance from the intruded
word-particle.

(xi) Velocity, it defines a semantic shifting trend that can
strengthen the relation of two force-affected words.

In Figure 1, the word-particles world and boy are back-
ward related to hello, and the word-particle bye is an isolated
word-particle. The intensity of relation between the word-
particles hello and world is stronger than the intensity of
relation between hello and boy. The directed line denotes the
direction ofword order, where the pointedword-particles can
drive their linking word-particles. For example, the coword
hello world appearsmore frequent than the coword hello boy.
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The BombTank By JDAMInput sentence:

Objective word particle Backward related
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Figure 2: The semantic relating rule.

3.2. Semantic Relation Building. Based on the word-particle
model, we define the semantic relating rule to control the
motion of particles within a given text context. The doc-
uments for training play the role of a driven-force source,
making the words have more opportunities to come together,
which appear in similar contexts.The procedure is as follows.

Step 1. Theword embedding is trained by the document. Each
document will be sampled sentence by sentence via a 2-gram
window. In the 2-gram window, the first word is assumed
as the target object, and the second word is assumed as the
associated object. The assumption means that the associated
word-particle will be forced tomove towards the target word-
particle. The related word-particle will be given an impulse.
This can drive the word-particle with a certain velocity. The
progress is illustrated as state 1 in Figure 2. The word-particle
bomb is associated with tank moving with the velocity V.

Step 2. Given an impulse, the word-particle can be initialized
with a velocity.Meanwhile, it will be slowed down by the force
that comes from friction, until its velocity reduces to zero and
does not get in the repulsion radius of its objective word-
particle. When the word-particle moves into the repulsion
radius of the objective word-particle, it will be stopped at the
edge keeping a distance of repulsion radius from the objective
word-particle. This is shown as state 2. A velocity affects the
word-particle tank, and the word-particle bomb is affected
continuously by the friction force 𝑓.

Step 3. During a certain period of document learning, some
word-particles will set up some relations with other word-
particles.We establish a chain reacting rule for simulating the
context feature. The rule specifies the impulsion transition

in the way of particle by particle, and the initial energy will
degrade at each reaction. This passive action simulates the
phenomenon that a topic word in a document has more
semantics and can be an index for document retrieval. The
progress is controlled by (2). Given 𝑚

0
denotes the property

Mass of the impactedword-particle and𝑚
𝑖
denotes this prop-

erty of other word-particles. The relation-building condition
is

𝑖 ∈ Chain,

𝑑
𝑖
> Pull Radius,

(2)

where 𝑖 denotes the ID of the 𝑖th word-particle that relates to
the object word-particle, and 𝑑

𝑖
denotes the corresponding

distance of the 𝑖th word-particle between the object word-
particles. The velocity V

𝑡−1
will update V

𝑡
via (3), if the word-

particle satisfies the condition.This procedurewill repeat iter-
atively till the velocity falls to zero. For example, in state 3, the
word-particle bomb has two backward associating particles
fire and plane. Its initial velocity will be decomposed with
plane according to (3), if given an impulsion towards tank.
But the word-particle fire fails to move, because it is outside
of the Pull Radius distance of bomb.The decomposition will
be delivered repetitively if the velocity fits the condition and
is greater than zero.

𝑚
0
V
𝑡−1
= (

𝑘

∑

𝑖∈Chain, 𝑑𝑖>Pull Radius
𝑚
𝑖
+ 𝑚
0
) V
𝑡
. (3)

Step 4. We add a repulsion radius for keeping the uniqueness
of every word-particle, because each word embedding is
unique. When the moving word-particle intrudes the repul-
sion radius of other particles, it will stop and stay at the
edge of the affectedword-particles, keeping a repulsion radius
distance.The progress is shown as state 4. Generally, the word
relation network is expected growing stably; we present an
inspecting criterion to check the convergence, which is as
follows:

V
𝑡
=

𝑚
0
V
𝑡−1

lim
𝑘→∞
∑
𝑘

𝑖∈Chain, 𝑑𝑖>Pull Radius𝑚𝑖 + 𝑚0
→ 0. (4)

In (4), the initial velocity will trend to zero with the relation
increasing of the number of associated word-particles; that
is, V
𝑡
→ 0. When the movement of an activated particle

becomes tiny, such convergence means the property Pos
has reached relatively fixed coordinates. This indicates that
the word already has situated in a relatively stable semantic
network.

3.3. Semantic Relation Separating. For controlling the growth
of words association, those words that are of low frequency in
2-gram context should be filtered, whereas those words with
high frequency of relations should be retained. We propose
to use a linear elastic fracture mechanics to control such
filtering. A rope model is presented to represent the coword
relation, which can be assumed as a flaw that comes from a
type ofmaterial.The strengthening or weakening of a relation
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Figure 3: The flaw model.

between words is controlled via the corresponding flaw size.
An illustration is shown in Figure 3.

More formally, given 𝑊 denotes the width of rope, its
value is obtained through the counting of a 2-gram sampling.
Its maximum value corresponds to the property Max flaw.
Given 2𝑎 denotes the size of a flaw corresponding to the
property Flaw. Given 𝑠 is the pull force that is calculated by
𝑠 = Mass × Velocity. We use the stress-intensity factor 𝐾 to
control the size of a flaw. 𝐾 can be obtained as follows:

𝐾 = 𝑚relationV√𝜋𝑎
2𝑎

𝑊

. (5)

In (5), the variant 𝑚relation corresponds to the property
regarding the synthetically occurring frequency of a word-
particle, and V corresponds to the velocity of an activated
word-particle. The value of 𝐾 is in proportion to the size of
2𝑎, which refers to the concept of flaw. Moreover, the flaw
extending speed is denoted by 𝑑𝑎/𝑑𝑁 as

lg 𝑑𝑎
𝑑𝑁

= lg𝐶 + 𝑛 lgΔ𝐾. (6)

In (6), lg𝐶 denotes a compensation constant, and 𝑛 is a
scale factor. 𝑑𝑎/𝑑𝑁 is in proportion of 𝐾. The condition is
that 𝐾 will decrease if𝑊 goes beyond 2𝑎. When the size of
flaw is up to 𝑊, a separation will happen in the semantic
relation. This means the associated word-particles are no
longer affected by the initial impulses, which are generated
from their objective word-particles.

4. Simulations

In this section, we compare the proposed word embedding
with the three classic NLM-based word embeddings, Huang
2012 [42], C&W [3], andM&S-Turian [20]. Huang 2012 is the
word embedding that uses multiple embeddings per word.
C&W is the embedding that is trained by a feedforward
neural network, and M&S-Turian is the embedding that is
obtained by an improved RBM training model. The two
datasets Reuters 21578 and RCV1 are used for training and
evaluation. In Reuters 21578, we extracted 21,578 documents
from the raw XML format and discarded the original class
labels and titles, only using the description section.TheRCV1
contains 5,000 documents that are written from 50 authors.
70 percent of random sampling among these documents
was used to train the word embedding, and the remainder

was used to evaluate the NLP tasks of POS, NER, and SRL
with other three types of embedding. All words will keep
their original forms, whereas the numbers, symbols, and stop
words are kept to be trained together. Those words that are
not included in training corpus will be discarded. We regard
these tasks as a classification problem and apply a unified
feedforward neural linguistic model to perform the tasks.
The compared word embeddings are readymade, but the
parameters of the neural networks require to be trained by
the corresponding embedding. We use the benchmark that
is provided by [3]. The results regarding the NLP tasks are
compared based on this benchmark.

4.1. Evaluation. The benchmark is measured in terms of
precision, recall, and 𝐹1 [3, 20, 42]. Assuming 𝑁 words are
waiting for labeling, there exit {𝑁1 | 𝑁1 ≤ 𝑁} words that
are labeled correctly and {𝑁2 | 𝑁2 ≤ 𝑁} words that are
labeled wrong. The value of precision is used to evaluate the
accuracy of labeling on POS, NER, and SRL. The precision
can be obtained as

𝑝 =

𝑁
1

𝑁
1
+ 𝑁
2

. (7)

The value of recall is used to evaluate the coverage of
labeling on POS, NER, and SRL. The recall can be calculated
as

𝑟 =

𝑁
1

𝑁

. (8)

The 𝐹1 is a combining evaluation with precision and
recall, which are as follows:

𝐹1 =

2𝑝𝑟

𝑝 + 𝑟

. (9)

4.2. Training. The parameters of the physical system are set
as follows.The coefficient of fiction is set to 0.1, the coefficient
of gravity is set to 9.8, and the initial velocity is set to 2. The
parameters that control semantic separating are set such that
Max flaw is set to 0.2, the initial value of Flaw is 0, Radius
is set to 1, and Pull Raduis is set to 20. For controlling the
flaw extending speed, lg𝐶 is set to 1 and 𝑛 is set to 1. We
demonstrate the training result in terms of the generating
procedure of word graph and average speed of word-
particles. A word graph can give an intuitive visualization for
observing a group of word relations. We test a small number
of datasets to simulate the word embedding generation. The
result is shown in Figure 4, which contains the names from 19
countries.

In Figure 4(a), all the words appear in the plain physical
system and obtain a certain position, because the training
documents had given some forces to direct the word arrang-
ing that follows the context in original text. But in this stage,
some word-particles still have a certain degree of speed to
move. Those frequent word-particles such as China, USA,
Germany, and France have a relatively high speed; they move
pulling their backward relating word-particles (Figures 4(b)–
4(d)). For example, China has four backward relating word-
particles, Pakistan, India, USA, and UK; Germany has two
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Figure 4: Force-directed embedding for country names.

backward relating word-particles, France and Finland. The
other isolated word-particles have situated in a relatively
stable position with a few movements. We can see that some
word-particles overlay with each other (Figure 4(d)); for
example, India and Pakistan are too close at China, and
Canada overlays USA. The repulsing force starts to function
at this time.The too close word-particles will push each other
until they reach a balance distance (Figure 4(e)). When the
inputting documents are all about similar topics, the positions
of word-particles will also not vary too much, showing a
relatively stable topological graph (Figure 4(f)).

The training result of dataset Reuters 21578 is shown
in Figure 5. Each word-particle is colored with a green
block. The intensity of the relation between word-particles
is represented by a blue line, where the thicker lines mean
a higher frequency of coword relation. The position of each
word-particle is a 2-dimensional coordinate that is exactly
the training result word embedding.The result shows that the
numbers of word relations and new word-particles will grow

with the training, which iterates from 1,000 to 10,000. The
particles system expands the region outward gradually. The
particle distribution presents as an ellipse for accommodating
more new words-particles.

The training result of RCV1 is shown in Figure 6. Such
distance-based semantic measurement can be interpreted
from some viewpoints. For example, the country and geo-
graphical word-particles, German, Russian, U.S., and Bei-
jing, are clustered together. The geo-related word-particles,
Niagara, WTO, and U.S.-based, are pushed closely to these
words. Such word-particle graph can present an intuitive
result for evaluating the training of word embedding; no
matter during the training or after training, we can intervene
the position of word-particle to improve the final result in a
data-visualization based way.

On the other hand, we use (3) to estimate the average
velocity of word-particles for evaluating the training process
from a statistics viewpoint. When the velocity decreases
to 1 below, the convergence is assumed to be happening
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Figure 5: Force-directed embedding for Reuters 21578.

and the assumption coincides with the reality roughly. We
experiment 50 times for the two datasets, respectively. The
result is shown as the boxplots in Figure 7. From the
downwards trends of average velocity, the assumption that a
word-semantic networkwill be stabilized in a certain number
of similar documents coincides with the result of two datasets
roughly. Both the convergences of the two datasets’ training
appear at the training stage around the 20,000th documents.

In the presented word embedding learning, there is not
a specific converging criterion for terminating the training,
because the object functions of these neural based models
are nonconvex so there may not exist an optimum value
theoretically. Empirically, these word embedding learning
methods require repeating documents 20 or 30 times [3]. It
brings a serious problem that time consumption is propor-
tional to the number of documents. Such procedure usually
requires undergoing a long-term training time [3, 30]. But in
our proposed model, we demonstrate that setting a semantic

convergence condition is more convenient to select than
those neural based approaches. The convergence criterion
provides amore explicit direction for word embedding learn-
ing. Meanwhile, the result demonstrates that to learn an
acceptable word embedding requiring a certain number of
documents, small or medium scale datasets may not be
appropriate.

5. Reuters 21578 and RCV1

For testing the usability, we compare the word embedding
with other three word embeddings on the NLP tasks, using
the same type of neural linguistic model. The testing items
are performed on POS, NER, and SRL. The results are listed
in Tables 2 and 3. In Reuters 21578, the labeling system using
our word embedding obtains 91.0% on POS, 83.4% on NER,
and 67.3% on SRL for 𝐹1. This 𝐹1 score gets the third place in
POS and the second place on both NER and SRL. In RCV1, it
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Figure 6: Force-directed embedding for RCV1.

achieves 89.1% on POS, 82.1% on NER, and 65.9% on SRL for
𝐹1. The 𝐹1 scores obtain the second place in POS, the third
place in NER, and the second place in SRL.

The performance of the proposed word embedding is
close to the best results in [3], but the dimensional number
is two, which is far less than the 50- or 100-dimensional
word embeddings [3, 43]. This brings a benefit for reducing
the number of neural cells in performing NLP tasks by

such type of linguistic models. Implementing these NLP
tasks, we construct a 3-layer feedforward neural network
with a 5-cell inputting layer and a 100-cell middle layer
and a 25-cell outputting layer. To utilize the compared word
embeddings, the number of the inputting vectors is set to
500, because all of themare the 100-dimensional embeddings.
But our corresponding inputting layer just requires 10-
dimensional vector. The structure of model is simplified
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Figure 7: The 𝑦-axis represents the velocity of a word-particle; the 𝑥-axis represents the number of documents. Both of them show the
downwards trends.

Table 2: Comparison of POS/NER/SRL on Reuters 21578.

Precision Recall 𝐹1

Force-directed 92.5/84.1/70.2 89.5/82.7/64.6 91.0/83.4/67.3
Huang 2012 94.2/86.2/74.8 93.8/86.8/74.1 94.0/86.5/74.4
C&W 93.6/82.4/67.8 92.8/81.5/65.8 93.2/81.9/66.8
M&S-Turian 91.4/82.1/63.6 86.2/75.2/62.5 88.7/78.5/63.0

Table 3: Comparison of POS/NER/SRL on RCV1.

Precision Recall 𝐹1

Force-directed 90.1/82.7/66.3 88.2/81.5/65.5 89.1/82.1/65.9
Huang 2012 88.4/83.2/71.3 90.7/84.6/70.3 89.5/83.9/70.8
C&W 88.5/83.5/64.6 85.2/82.6/63.1 86.8/83.0/63.8
M&S-Turian 90.8/80.5/63.6 90.3/73.9/65.7 90.5/77.1/64.6

which can reduce the complexity of neural networks. This
advantage will improve the performance of such models,
such as reducing training time and improving the speed of
labeling. The result also demonstrates that learning a group
of word embeddings cannot be high dimensional and depend
on the neural network based approaches. It means word
representation learning and the task system constructing
can be decomposed to two individual parts. The two-step
framework could achieve the same goal with the all-in-one
models [3].

6. Conclusions and Future Work

In this paper, we propose a force-directed method that uses
a fracture mechanic model to learn word embedding. The
result demonstrates that the physical simulation approach is
feasible. It improves the procedure of the traditional NLM-
based approaches in terms of parameters training and tasks
performing (POS and NER and SRL). The next works are
as follows. The model will be improved to suit streaming
data: using a one-step solution for predicting the coordinate
of word-particle, which will improve the performance of
our system; packaging the properties of word-particle with

the .gefx file format (Graph Exchange XML Format) that can
provide a capability for data sharing across multiple data
visualizing tools, for example, Gephi.
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Chinese and Vietnamese have the same isolated language; that is, the words are not delimited by spaces. In machine translation,
word segmentation is often done first when translating from Chinese or Vietnamese into different languages (typically English)
and vice versa. However, it is a matter for consideration that words may or may not be segmented when translating between two
languages in which spaces are not used between words, such as Chinese and Vietnamese. Since Chinese-Vietnamese is a low-
resource language pair, the sparse data problem is evident in the translation systemof this language pair.Therefore, while translating,
whether it should be segmented or not becomesmore important. In this paper, we propose a newmethod for translating Chinese to
Vietnamese based on a combination of the advantages of character level and word level translation. In addition, a hybrid approach
that combines statistics and rules is used to translate on the word level. And at the character level, a statistical translation is used.
The experimental results showed that our method improved the performance of machine translation over that of character or word
level translation.

1. Introduction

Unlike Western languages, typically English, the words in
Chinese and Vietnamese are not distinguished by spaces [1].
A Chinese sentence includes a series of characters, including
punctuation, and they are located next to each other without
any spaces. In Vietnamese, spelling words are separated
by one space, and the punctuation is located immediately
after the spelling words. Therefore, the word segmentation
(WS) problem often is addressed first in natural language
processing in general and in machine translation (MT) from
Chinese or Vietnamese into other languages in particular and
vice versa.

When translating the language pairs in which the words
are not segmented by spaces, WS should be taken into
consideration. Based on our experiments, we found that
segmenting and not segmenting a word have their own
advantages and disadvantages. The most obvious advantage
of the word unsegmentation machine translation system
(also called character segmentation) is that it is difficult to
generate new words, but its disadvantage is that it obviously

mistranslates some words. (The Chinese words in Figure 1
are some examples.) These cases are usually the translation
of words in which the words have meanings that do not
relate to the characters that created them, especially the
Sino-Vietnamese (SINO) and named entity (NE). On the
contrary, the WS machine translation system gives better
translations, but it generates many unknown words (UKWs).
Furthermore, in the low-resource language pairs, such as
Chinese and Vietnamese, the issue of generating UKWs
is worse. Figure 1 shows the errors in character level (CL)
translation systems and word level (WL) translation systems
in our testing corpus.

The word “王红” (“Vuong Hong”) is a Chinese per-
son name and must be translated into Sino-Vietnamese as
“Vương H�ng” [2], but in CL translation systems, the word
“红” is translated into “đ�” (red). Similarly, the word “出色”
(“remarkable”) is translated into “xuất s�c” (Sino-Vietnamese
word), but the CL translation systems give the translation
“ra màu” (出/“ra” (“to go out,” “to come out”) và色/“màu”
(“color”)). In the remaining case, the digit string “一一九” is
translated into “một 9” in the CL translation systems, while it
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Figure 1: Examples for incorrect translations of CL and WL
translation systems.

should be “119.”TheWL translation systems fail in these three
cases.

Obviously, for language pairs in which the words’ bound-
aries are not clear, such as Chinese and Vietnamese, the
choice of CL or WL translation systems has its own flaws.
In this paper, we propose a Chinese-Vietnamese translation
model based on the combination of CL and WL translation
models. At the word level, we construct the model in two
STEPs. Step 1 is to use WL statistical machine translation
(WL-SMT), and Step 2 is to use rule-based MT to translate
SINO and NE words, which were not translated in Step 1. In
the CL model, the words that are not translated by the WL
model will decay into characters and be translated based on
statistics.

The rest of the paper is structured as follows: Section 2
introduces some related works. Section 3 gives the back-
ground about Sino-Vietnamese translation and NE transla-
tion. Section 4 provides a detailed description of our pro-
posedmodel. Section 5 shows and discusses the results of our
experiments. Section 6 summarizes our work and gives our
main conclusions.

2. Related Work

In this paper, we focused on surveying WS methodologies
to increase the performance of SMT. The term “segmented
word” does not quite agree with linguists’ concept of a word.
A word here may be a pragmatic word (greater than the
linguist’s word) or a morpheme (smaller than the linguist’s
word). The purpose of adjusting WS is how the words in the
training corpus are covered asmuch as possible, and theword
alignment results have more 1-1 mappings.

Depending on the characteristics of translated language
pairs, their WS approaches are different. To the best of our
knowledge, there are some major WS approaches for MT,
including morphology-based WS; anchor language-based
(AL-based) WS; a combination of character segmentation
and word segmentation; and other approaches.

2.1. Word Segmentation Based on Word Morphology. Lee
[3] presented a morphological analysis algorithm for mak-
ing morphologically and syntactically symmetrical language
pairs with different structures. The algorithm segmented
words in the rich morphological language in the form, prefix
(es)- stem-suffix (es), and tagged the part of speech for
bilingual corpus.Then, the algorithm detects the morphemes
and decides whether to merge or delete the morphemes in
the rich morphology language; the aim of this work was to
make this language pair morphologically and structurally
symmetrical.

In addition, in [4], Goldwater and McClosky used mor-
phological analysis to reduce the sparse data problem in
MT and increase the similarity between the two languages,
thus improving the quality of machine translation for a
highly inflected language, such as Czech in Czech-English
translations.

2.2. Word Segmetation Based on the Anchor Language. In
this approach, many authors based their work on one of two
languages in MT to standardize WS in the other language.
Chinese-English or English-Chinese translation are methods
that use this approach. By using the word boundary in
English, the authors conducted segment words based on
the word alignments between English words and Chinese
characters.

Specifically, in [5], the authors used English words as the
anchor to segment the Chinese words. In this approach, the
Chinese characters are combined into a word if they are
aligned with the same English word. Moreover, because
English NE (name of a person, name of an organization, and
the name of a location) are capitalized, the Chinese words
can be segmented basing on these English NEs to have better
results (Chinese is case-insensitive). However, this method
has a disadvantage as well as the common disadvantage in
learning frombilingual corpora, which have sparse data (even
though the corpora are very large) and noisy data. This leads
to problems in that the system is not able to segment or it
segments incorrectly the obvious words in the dictionary.
Also, in this paper, the authors observed the reduction of
the quality of Chinese-English machine translation when the
Chinese words were not segmented.

By developing the same idea, Ma and Way [6] proposed
the WS method using the results of word alignment between
Chinese characters and English words. For word alignment
results, the authors extracted the candidate words (𝑛 −
1 alignments between Chinese and English). Then, they
selected the candidate words by the cooccurrence frequency
of the characters inside that candidate’s word.

In [7], Paul et al. expanded the WS for any language
pairs for which the source language is unsegmented and the
target language segmentation is determined, such asChinese-
English or Japanese-English. Furthermore, the authors pro-
posed to decode directly from unsegmented text. They used
the WS information in a phrase table to segment the input
text. This avoided the inconsistency of WS between the input
sentence and the phrase table.

Decomposition of Chinese words into smaller meaning-
ful morphemes also is a popular method for improving the
quality of the machine translation [8]. In this approach, first,
the authors segmented the Chinese words. Then, they used
the Chinese-English word alignments to filter the 1 − 𝑛
alignments and adjust the alignments. Chinese with polysyl-
labic words, including more than one meaningful morpheme
word, is translated into English words. For example, “教育
署” is translated into “Department of Education” in English
(“署” means “Department,” and “教育” means “Education”).
ThisWS approach reduces the total cooccurrence of Chinese-
English word pairs and gives more 1 − 𝑛 alignment. For



Computational Intelligence and Neuroscience 3

example, because “教育署” is a word, it does not con-
tribute anything for the “教育/Education” pair and the
“署/Department” pair, whereas the “教育署/Department of
Education” creates the 1 − 𝑛 alignments, such as “教育署 →
Education” and “教育署 → Department.” Therefore, the
authors proposed this method to decompose Chinese words
into smaller, meaningful morphemes.

Similarly, Wang et al. [9] improved WS by using the
results of manually aligning words from the bilingual corpus.
A new point of the paper is to propose the concept of “atomic
block” in the English language. The “atomic block” is the
English words plus the compounds, for example, “rely on”
or “carry out.” A Chinese word should be decomposed into
smaller words if it aligns with any English “atomic block” (or
1 − 𝑛 alignment).

In [10], Chu et al. segmented words for Chinese-Japanese
language pairs. Both of them required WS. However, the
Japanese segmenter toolkit has an accuracy up to 99%,
and it is not necessary to correct WS. Japanese is used as
the AL to segment Chinese. Moreover, the system also has
used the shared Chinese characters (Kanji) in Japanese in
order to increase the quality of Chinese WS. This work was
rather close to ours, but there were some differences in the
following points: (1) we translate Chinese sentences based
on the combination of characters and the word level; (2) the
linguistic relationships we used were NE and SINO. They
are not the same as Kanji in Japanese (they are outlined in
Sections 3.1 and 3.2).

According to thisWSmethod, the unsegmented language
(UL) is segmented and then, based on the word alignment
results of UL and AL, the system will decay UL’s words into
smaller units. For example, in [8], the Chinese words that
were alignedwithmany Englishwordswere decomposed. For
example, the “洗衣机/washing machine” word pair can be
decomposed into twoword pairs, that is, “洗衣/washing” and
“机/machine,” but the “暖气机/heater” word pair cannot be
decomposed into “暖气” and “机,” because the word is only
aligned with a single English word, that is, “heater.”

2.3. Combination of Character Segmentation and Word Seg-
mentation. Xu et al. [11] proposed a method to perform
different ways of word WS and present them as a lattice.
The input sentence of the translation system is a lattice that
includes different ways of WS (not a sentence in which
words are segmented), and the selection of a suitable WS
is performed only at the translation step. The main idea of
this approach is a two-stage method, that is, from character
strings to word strings and from word strings of the source
language to word strings of target language.

To date, there has been only one study related to our
method and that was the approach that was proposed by
Zhao et al. [12]. To the best of our knowledge, this is the first
approach in which Vietnamese is translated into Chinese. In
their approach, they performed the translation in two steps
as follows.

Step 1. Using a bilingual dictionary to find Chinese char-
acters that correspond to Vietnamese syllables: The system

performs a maximum matching algorithm on the Chinese-
Vietnamese dictionary to segment the Vietnamese words.
The system uses two bilingual dictionaries to segment the
Vietnamese words and to convert them into Chinese char-
acters. The first dictionary is the Sino-Vietnamese dictionary.
For Sino-Vietnamese words (that appear in the dictionary),
the translation process is simple, and it can be used to look
up words without any ambiguities. For the words that are
not Sino-Vietnamese words, the system translates them by
using a phrase table. The translation system automatically
collects Vietnamese monolingual corpora from the Internet.
Then, these corpora are translated into Chinese by using
Google Translate. After that, the system has Vietnamese-
Chinese bilingual corpora. (Vietnamese is single syllables,
and Chinese is characters.) Following that, the system uses
GIZA++ to align words and create a phrase table. From
this table, the system takes out the aligned phrases on
the condition that these phrases have the same number of
syllables-characters. In the case inwhich aVietnamese phrase
is alignedwithmore than one Chinese phrase, the systemwill
choose the phrase that has the highest probability of being the
correct match.

Step 2. Using monolingual Chinese to modify and change
the order of words, because the order of Vietnamese words
is different from the order of Chinese words. The word order
must be changed to obtain the correct order in Chinese.
However, Vietnamese words do not always have only one
Chinese meaning. To improve this, the system replaces
Chinese words (translated by Vietnamese words) by more
suitable Chinese words. A synonym dictionary is used to
list all possible words. The system uses a language model to
change word order and to determine the most possible words
to replace.

The paper also indicates some limits:

(i) The Sino-Vietnamese dictionary limits only two
words.

(ii) Most of the errors appear in phrase table.
(iii) The word order after the modification is not good.

Our approach also uses Sino-Vietnamese words as a factor
in the Chinese-Vietnamese translation process. However, our
approach is different from the other one, as indicated below:

(i) Our approach segments Chinese words and Viet-
namese words by using corpora. The main advantage
of thismethod is that it can recognizeNEs that are not
covered by dictionaries.

(ii) Our phrase tables, which were created by the Com-
putational Linguistics Center (http://www.clc.hcmus
.edu.vn/) (University of Sciences,HCMC-VNU), have
better quality than this work’s phrase tables, which
were created from the bilingual corpora collected
from Google Translate.

(iii) Translation at the word level includes two stages in
our system, that is, (1) translation using word level
and (2) translation of SINO and NEs. In stage (1),
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if the words that have SINO or NE forms exist in
the phrase table, they will be translated statistically.
For Sino or NE forms that do not exist in the phrase
table, they will be translated by rules. There are two
reasons for this; that is, (1) there are some SINO
words that are used less than their pure Vietnamese
words, so our system will choose the meaning for
the SINO words if they exist in the phrase table and
(2) some foreign NEs are transliterated into Chinese
(especially people’s names). These kinds of NEs will
have incorrect translations if they are translated by the
rules of the system.

(iv) In the decoding step, we combine a statistical decod-
ing model and a rule-based decoding model. The
purpose of this strategy is to take advantage of the
translation capability and word reordering capability
of SMT models and the accuracy of translation by
using the rules for NEs and SINO.

2.4. Other Methods. In this section, we present some WS
methods that are different from the three methods discussed
above. In [13], Zhao et al. assumed that the WS depended
on the translation direction. The optimal WS is not sure to
bring a better-quality translation. These authors argued that
the corpus or dictionary used in WS will affect MT, so they
must be optimized.

A different approach to the WS problem is based on
unsupervised or semisupervised learning. In the work of Xu
et al. [14], a Bayesian semisupervised learning model was
proposed to segment Chinese words.They usedmonolingual
and bilingual information to create WS suitable for SMT.
Particularly, in the work of Nguyen et al. [15], an unsuper-
vised WS model was used for MT. This model combined
monolingual segmentation techniques and the bilingualword
alignment model to adjust WS of the source sentence.

An extended version of this method was performed by
Wang et al. [16]. The authors used the unsupervised learning
method for segmentingChinesewords on large-scale corpora
to support SMT. In addition, the authors modeled bilingual,
unsupervised WS based on monolingual, unsupervised WS
to improve the efficiency ofWS, and they replacedGibbs sam-
pling with expectation maximization in the training process.
This is considered to be the first work that used the bilingual,
unsupervised WS method for large corpora. Furthermore,
Zeng et al. [17] recommended using knowledge constraints
to guide the monolingual supervisedWS model. The authors
also used “Chinese character-English word alignment” to
extract word boundary distribution for character trigrams.

Like the previous approaches, these authors’ methods are
also applied to the language pairs in which the source lan-
guage is not segmented and the word boundary of the target
language is known (such as Arabic-English and Chinese-
English).

3. Sino-Vietnamese and Named Entity

3.1. Sino-Vietnamese. Many Vietnamese words are borrowed
from Chinese (normally called Sino-Vietnamese, which

makes up about 65% of all Vietnamese words) [2]. Chi-
nese, even in China, is pronounced differently, depending
on the area, because there are many different voices or
pronunciations, such as Cantonese, Hokkien, and Madarin.
Some neighboring countries of China have their own reading
of Chinese, such as Korea’s having Sino-Korean (汉朝),
Japan’s having Sino-Japanese (汉和), and Vietnam’s having
Sino-Vietnamese (汉越). Thus, Sino-Vietnamese is the way
Vietnamese people read. For example, the Chinese word “银
行” is read as “yin hang” in Chinese and as “ngân hàng” in
Vietnamese. AChinese character can be pronounced asmany
Sino-Vietnamese words but, in a specific context, a Chinese
character only corresponds to a specific Sino-Vietnamese
word. As the above example “银行,” the Sino-Vietnamese
word for “银” is “ngân,” and “行” is “hành,” “ha.nh,” “hàng,”
or “ha.ng”; but when “银” and “行” are combined into a word,
this word is only pronounced “ngân hàng.”

Most Chinese-Vietnamese words that have Sino-
Vietnamese pronunciations are Sino-Vietnamese words
(called “standard Sino-Vietnamese words” or “pure Sino-
Vietnamese words”). The words “văn hóa” (文化) and “hiện
ta. i” (现在) are good examples. However, there are some
Sino-Vietnamese words that have different meanings to the
Vietnamese people compared to orthodox Chinese. For
example, in Chinese, the word “博士” (Sino-Vietnamese is
“bác s̃ı” (physician in Vietnamese)) is used for doctorate and
“bác s̃ı” (physician in Chinese) is called “y sinh” (医生) or
“đa. i phu” (大夫).

A Sino-Vietnamese word is the smallest meaningful unit.
If we split it to smaller parts, these parts will be meaningless
or have different meanings. Therefore, in Chinese-English
machine translation, we do not split the Sino-Vietnamese
words into smaller parts.

3.2. Named Entity in Chinese and Vietnamese. In this paper,
we divide NEs into four categories, that is, (1) person
name (PER), (2) organization name (ORG), (3) location
name (LOC), and (4) number expression (NumExp) (date,
time, percentage, number, and phone number). The Chinese
words that belong to (1), (2), and (3) usually are translated
into Vietnamese by their Sino-Vietnamese transliterations.
NumExp is translated into Vietnamese by using grammatical
transformation. Words in NumExp include digits combined
with keywords that represent each kind of NumExp.

Like Vietnamese PER, Chinese PER are formed under the
following structure: ⟨family name⟩⟨given name⟩, where both
⟨family name⟩ and ⟨given name⟩ have the length of one or
two characters. For example, in the PER “赵经生” (Triệu
Kinh Sinh), “赵” is a ⟨family name⟩ and “经生” is a ⟨given
name⟩. In addition, to express a close relationshipwith elderly
people, Chinese people usually use the word “老” (Lão: old)
before ⟨family name⟩. For example, “老张” (Lão Trương) is
used to refer to an elderly person who has the ⟨family name⟩
“Trương.” Young people are addressed in a similar manner;
Chinese people usually use “小” (Ti�u: small) before ⟨family
name⟩ to express the close relationship. For example, the
word “小王” is used to call a child who has the ⟨family name⟩
“Vương.” This way of calling names usually omits the ⟨given
name⟩ part in Chinese PER structures.
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Table 1: Chinese numeric characters (from 0 to 9).

Chinese numbers 零 一 二 三 四 五 六 七 八 九

Vietnamese numbers 0 1 2 3 4 5 6 7 8 9

Table 2: Chinese unit characters.

Chinese unit characters 十 百 千 万 亿

Vietnamese numbers 10 100 1,000 10,000 100,000,000

For Chinese LOC, the length of an LOC does not exceed
10 characters, and an LOC follows the structure ⟨location
name⟩⟨keyword⟩. In this structure, ⟨location name⟩ is a word
item in the list of Chinese location names (about 30,000
location names). It usually ends by a keyword (about 120
keywords). For example, in the word “北京市” (Beijing City),
“北京” is a ⟨location name⟩, and “市” is a ⟨keyword⟩.

ORG is more complicated than person names or location
names because an ORG usually includes the combination
of different entities. The maximum length of an ORG is
normally 15 characters. For example, in the ORG “北京语言
学院” (“Ho. c Viện Ngôn Ngữ B�c Kinh”: “Beijing Languages
Institute”), 北京 (B�c Kinh) is an LOC, and 学院 is a
⟨keyword⟩.

NumExp includes some different types, such as numbers,
phone numbers, order numbers, fractions, decimal numbers,
dates, and times. Words in NumExp include digits combined
with the keyword representing each type of NumExp. There-
fore, number has an important role in constructing Chinese
NumExp.

Like Vietnamese, Chinese numbers also are formed from
the combination of characters that are similar to the numbers
0 to 9 in Vietnamese. The number of Chinese characters is
presented in Tables 1 and 2.

A small difference between Chinese and Vietnamese is
that numbers, such as 100, 1,000, 10,000, and 100,000,000,
have their own words in Chinese (called unit characters). For
example, the number “四百三十” is translated into “430” in
Vietnamese.

4. Chinese-Vietnamese Translation
Based on Combinations of Characters and
Word Levels

4.1. Our Approach. We built a Chinese-Vietnamese trans-
lation model based on the combination of CL and WL
translations. For the WL translation, we divided it into two
phases as follows: (1) statistical translation of the WL and
(2) the translation of SINO and NEs based on rule. In phase
(1), some words are detected and translated into Chinese
sentences. The results of this phase often are better than
the results of these same words when they are translated
in CL. One of hypotheses in phase (2) concerns the close
relationship between the Chinese and Vietnamese languages.
The statistical translation systems based on characters or
words often mistranslated or did not translate NEs and
SINO. Based on the relationship between the Chinese and
Vietnamese languages [2], we developed some templates for

the translation of NEs and SINO.The translation at the word
WL often gives better results than the translation of the CL,
but it generates many UKWs. Therefore, we continued to
use the statistical translation system based on CL in order to
translate words that could not be translated by the WL.

Our translation system is presented in Figure 2.

4.2. Training Process

4.2.1. Machine Translation Training Based on Statistics. The
system uses SMT for both WL and CL. For WL, the Chinese
corpus is segmented by the Stanford Segmenter toolkit, and
the Vietnamese corpus is segmented by CLC VN WS of the
Computational Linguistics Center (CLC). For CL, Chinese
sentences have one space inserted between the characters.
Similarly, one space is inserted between the spelling words
and the punctuations in Vietnamese sentences. Both of the
bilingual corpora are trained based on the following statistical
formula [18]:

V = argmax
V
𝑝 (V | 𝑐) (1)

V = argmax
V
𝑝 (V) ∗ 𝑝 (𝑐 | V) , (2)

where V is a Vietnamese sentence, 𝑐 is a Chinese sentence, V
is the best Vietnamese sentence, 𝑝(𝑐 | V) is the translation
model, and 𝑝(V) is the language model.

In this paper, we used phrase-based SMT, and formula (2)
was modified as follows:

V = argmax
V

𝐼

∏

𝑖=1

𝜙 (𝑐
𝑖
| V
𝑖
) 𝑑 (start

𝑖
− end

𝑖−1
− 1)

⋅

|V|

∏

𝑖=1

𝑃LM (V𝑖 | V1V2 ⋅ ⋅ ⋅ V𝑖−1) ,

(3)

where

𝜙 (𝑐
𝑖
| V
𝑖
) =

count (𝑐
𝑖
, V
𝑖
)

∑
𝑐𝑖
count (𝑐

𝑖
, V
𝑖
)

, (4)

where 𝜙(𝑐
𝑖
| V
𝑖
) is phrase translation model, 𝑑 is distortion

model: 𝑑(𝑥) = 𝛼|𝑥|, 𝛼 ∈ [0, 1], start
𝑖
is the position of the

first word in phrase 𝑒, end
𝑖
is the position of the last word in

phrase 𝑒, and 𝑃LM(V) is language model.
In practice, we used the Moses toolkit to train the cor-

pora for both cases, including the word and character
levels (phrase-based translation model and 3-gram language
model).

4.2.2. Rule-Based Machine Translation Corpora. NEs and
SINO are translated based on rule. The rule set of the system
includes a CL Chinese-Sino-Vietnamese dictionary (cSINO
dic), a word level Chinese-Sino-Vietnamese (wSINO), a list
of Chinese family names (FN list), a keyword list of locations
(LOC KEY list), a list of the names of Chinese locations (LOC
list), a list of the names of Chinese organizations (ORG list),
and a set of rules for the translation of number expressions
[19]. Figure 3 shows a sample of the dictionaries.
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Figure 2: Our translation model.

(a) cSINO dic (b) wSINO dic (c) FN list

(d) LOC KEY list (e) LOC list (f) ORG list

Figure 3: Samples of dictionaries in rule-based translation.
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4.3. Decoding Phase. Our decoding phase is performed in
three steps as follows.

4.3.1. Decoding Based on Statistics at WL. First, the Chinese
corpus is segmented at WL and translated based on SMT
decoding. In practice, we used Moses decoding to translate
this corpus. At this stage, we do not identify NEs and SINO
in the Chinese corpus. We consider the NEs and SINO as
normal words, and the translation is based completely on
statistics. This is done for the following two reasons:

(1) A Chinese word may have both a SINOmeaning and
a pure Vietnamese meaning, and the two meanings
are synonyms of each other. For example, the Chinese
word现在 (now) is “hiện ta. i” in SINO, and its pure
Vietnamese is “bây giờ,” and the two meanings are
equivalent. At this stage, the system translates the
word现在 completely based on statistics.

(2) The NEs in a Chinese document consist of Chinese
NEs and foreign NEs. Typically, in the PER, if it is
Chinese PER, the rule-based translation will give a
correct result, but it will be incorrect if the PER is
a foreign PER. For example, for the foreign PER,
奥巴马, the rule-based translation will give “Áo
Ba Mã,” while the correct translation is “Obama.”
Therefore, at this stage, we consider theNEs as normal
words and translate them based on statistics.

4.3.2. Decoding Based on Rules. The words in Chinese sen-
tences are translated based on rules, including NEs (PER,
LOC, ORG, and NUM) and SINO. The three types, that is,
PER, NUM, and SINO, appear frequently in Chinese corpus.
In this phase, the system will perform two steps sequentially,
that is, NE-SINO recognition and translation.

NE Recognition. There are many approaches for classifying
NEs, and, in this work, we divided them into four categories,
that is, PER, ORG, LOC, and NUM.

First, we used the Stanford Chinese NER toolkit to
identify NEs in the Chinese corpus.Then, we used a heuristic
algorithm and a set of rules to filter the NEs with four labels,
that is, PER, LOC, ORG, and NUM. They were adjusted as
follows:

(i) PER: Stanford NER toolkit annotates PERSON for
both Chinese PER and foreign PER. In this work,
based on the Chinese FN list, we keep only the PER
tag for Chinese PER and untag foreign PER.

(ii) LOC: Stanford NER toolkit uses two tags, that is,
LOC (Location) and GPE (geo-political entities), to
annotate landmark, political entities. GPE indicates
geographical or political names, such as cities, states,
provinces, and countries. The two tags are quite
close and have the same method to translate into
Vietnamese, so we regroup them into a unique LOC
tag.

(iii) ORG: The Stanford NER toolkit annotates the ORG
tag for the organization names.

Based on the list of the names of Chinese locations and
the list of the names of Chinese organizations, the system
retains only the LOC and ORG tags for Chinese location or
organization entities, and it untags the foreign LOCandORG.

(i) NUM: Stanford NER toolkit annotates the MISC tag
(Miscellaneous) to entities related to the number,
time, or a combination of other NE and non-NE
components. We change from MISC tag to NUM tag
for temporal and numerical entities and remove the
MISC tag for the remaining entities. Specifically, the
system divides the NUM tag into seven labels [19],
that is, numbers that contain unit characters, numbers
that do not contain unit characters, ordinal numbers,
fractions, decimal numbers, date, and time. What is
more, the system retains only theNUMs that have two
ormore digits, becauseNUMs that have only one digit
are limited, and the statistics-based translation system
can deal with it successfully.

SINO Recognition. Based on word level Chinese-Vietnamese
dictionary and the character-level Chinese-Sino-Vietnamese
dictionary, the system assigns SINO tags for the Chinese
corpus and Vietnamese corpus. We annotate only SINO tags
for the words that have two or more syllables. However,
because of some different SINO meanings in Chinese and
Vietnamese (as mentioned in Section 3.1), we only assign a
SINO tag for “pure Sino-Vietnamese words.” The method is
as follows.

Given that 𝑐 is aChineseword,𝑉 is aVietnamesemeaning
set of c and S is a set of Sino-Vietnamese transliterations of the
characters in 𝑐. Given 𝑆𝑁 = 𝑉∩𝑆, if 𝑆𝑁 ̸= 𝜙, then 𝑐 is labeled
with a SINO tag.

For example, for the Chinese word 银行, we have V =
{ngân hàng}, S = {ngân hành, ngân ha.nh, ngân hàng, ngân
ha.ng} and SN = {ngân hàng}; then the SINO tag will be
assigned to银行 (银行/SINO).

Rule-Based NE and SINO Translation. After identifying NE
and SINO in a Chinese document, the system will translate
these words based on rule. The translation method for each
tag is presented below:

(1) PER: the Chinese family name will be recognized and
translated based on the “FN list,” and the Chinese
given name is translated by “cSINO dic.”

(2) LOC: LOC often takes the form ⟨location
name⟩⟨keyword⟩. While ⟨Keyword⟩ is translated
based on “LOC KEY list”, ⟨location name⟩ is trans-
lated based on “cSINO dic.” The LOC and PER
translation method is presented in detail in [20].

(3) ORG: this is the most complex type of NE, because
it includes NE and non-NE components. Our system
uses the method in [21] to translate ORG.

(4) NUM: the number expressions are translated based
on the transformation rules between Chinese and
Vietnamese. The rules are presented in [19].
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Table 3: Distribution of number of words and number of sentences in experimental corpora of 11,000 sentence pairs.

Corpora NS CL WL
NW NW/NS NS NW/NS

Chinese
Training 9,900 99,026 10.0 72,541 7.3
Developing 550 5,645 10.3 4,138 7.5
Testing 550 5,598 10.2 4,092 7.4

Vietnamese
Training 9,900 107,153 10.8 93,909 9.5
Developing 550 6,151 11.2 5,401 9.8
Testing 550 5,985 10.9 5,272 9.6

Table 4: Distribution of number of words and number of sentences in experimental corpora of 22,000 sentence pairs.

Corpora NS CL WL
NW NW/NS NW NW/NS

Chinese
Training 19,800 196,903 9.9 144,475 7.3
Developing 1,100 11,292 10.3 8,237 7.5
Testing 1,100 11,056 10.1 8,090 7.4

Vietnamese
Training 19,800 211,179 10.7 185,346 9.4
Developing 1,100 12,028 10.9 10,534 9.6
Testing 1,100 11,803 10.7 10,376 9.4

Chinese sentence

Word level based SMT

Rule-based translation

Character level based SMT

Reference translation

Figure 4: Illustration about a translation of a Chinese sentence by
our system.

(5) SINO: Sino-Vietnamese words in Chinese sentences
are translated based on the word level Chinese-Sino-
Vietnamese dictionary.

4.3.3. Decoding Based on Statistics at CL. In this step, the
system translates the words that have yet to be translated for
the first time by statistical decoding and rule-based decoding.
These words include foreign NEs (PER, LOC, and ORG) and
non-SINO words. They are decomposed into character CL
and then translated based on statistics.

Figure 4 shows the translation of a Chinese sentence in
the test corpus through the three phases of our system. (The
English meaning of this sentence: “You guessed wrong; I am
76 years old.”)

5. Experiments

5.1. Toolkit Used in Experiments. We used the Stanford
Segmenter and the Stanford NER forWS and NE recognition
inChinese, andwe usedCLC VN NER andCLC VN WS for
WS and NE recognition in Vietnamese.

In addition, we used the GIZA++ toolkit (download
at http://www.fjoch.com/giza-training-of-statistical-transla-
tion-models.html) for word or character alignment, we used
the SRILM toolkit (download at http://www.speech.sri.com/
projects/srilm/download.html) to train the language model,
and we used the Moses toolkit (download at http://www
.statmt.org/moses/?n=Moses.Releases) to train the phrase-
based SMT.

5.2. Experimental Corpora and Evaluation Methods. The
experimental bilingual corpus includes 33,372 Chinese-
Vietnamese sentence pairs, which were provided by the
Computational Linguistics Center (CLC) (download sample
corpus: http://www.clc.hcmus.edu.vn/?page id=32).We used
90% of the sentences for training, 5% of the sentences for
testing, and the remaining 5%of the sentences for developing.
The corpus of 33,372 sentence pairs was divided into three
parts, that is, Part 1, which included 11,000 sentence pairs; Part
2, which had 22,000 sentence pairs; and Part 3, which was
comprised of 33,372 sentence pairs. The three corpora were
used to perform four experiments, that is, CL translation,WL
translation, Google Translate, and translation based on our
system. Tables 3, 4, and 5 show the total number of sentences,
its number of words, and number of words per sentence of
the experimental corpus in which, for every 20 sentences, the
1st sentence to the 18th sentence is used for training set, the
19th sentence is used for developing, and the 20th sentence is
used for testing.

5.3. Experimental Results. We divided several sentences in
the experimental corpus into five cases. The BLEU metric
is the average of these five cases. For every 20 sentences in
the corpus, we distributed the sentences into the corpora as
shown in Table 6.



Computational Intelligence and Neuroscience 9

Table 5: Distribution of number of words and number of sentences in experimental corpora of 33,372 sentence pairs.

Corpora NS CL WL
NW NW/NS NW NW/NS

Chinese
Training 30,036 301,630 10.0 221,419 7.4
Developing 1,668 16,973 10.2 12,468 7.5
Testing 1,668 17,049 10.2 12,453 7.5

Vietnamese
Training 30,036 316,453 10.5 278,232 9.3
Developing 1,668 17,839 10.7 15,679 9.4
Testing 1,668 17,745 10.6 15,617 9.4

NS is “number of sentences”, NW is “number of words”, and NW/NS is “NW per NS”.
We used BLEU score and TER score to evaluate the performance of the translation systems.

Table 6: Distribution of number of sentences into the experimental corpora.

Case Training corpus Developing corpus Testing corpus
1 From sentence 1 to sentence 18 Sentence 19 Sentence 20
2 From sentence 3 to sentence 20 Sentence 1 Sentence 2
3 From sentence 2 to sentence 19 Sentence 20 Sentence 1
4 From sentence 1 to sentence 10 and from sentence 31 to sentence 20 Sentence 11 Sentence 12
5 From sentence 1 to sentence 8 and from sentence 11 to sentence 20 Sentence 9 Sentence 10

Table 7: BLEU scores and TER scores of translation systems.

CL WL Google translate Our system
BLEU TER BLEU TER BLEU TER BLEU TER

11,000 25.54 57.65 25.87 58.22 16.90 71.06 26.17 57.13
22,000 28.34 53.55 28.12 53.89 16.33 71.03 28.57 53.55
33,372 31.82 49.52 31.18 49.80 14.98 73.66 32.05 49.31

The BLEU scores and TER scores of each system are
shown in Table 7. The MT output and the reference transla-
tion are segmented at the character/syllable level.

5.4. Analysis. The combination of statistics-based and rule-
based translation at the CL and at the WL of our system
aims to make use of the advantages of these methods. The
advantages are include the local reordering of the phrase-
based SMT, the precision of rule-based NE and SINO trans-
lation, and the capability of covering the characters of the CL
translation system. The experimental results in Table 7 show
that our system gives a better final translation than any of the
other translation systems (as indicated by the BLEU scores
and the TER scores).

For NE and SINO, the WL translation system will give
the correct translation if they exist in the training corpus.
Due to the limited training corpus, theWL translation system
often gives many UKWs. If NE and SINO words are split
into character level, the CL translation system can identify
and translate them, but the results of the translation often are
incorrect. For example, for the two words王红 and出色 in
Figure 1, four characters, that is,王,红,出, and色, exist in
the training corpus of the CL translation system. Their best
meanings (or the highest translation probability) are “vương”
(Vuong), “đ�” (red), “ra” (to come out), and “màu” (color),
respectively. In the four cases, only the 王/“Vương” pair is
a correct translation. This error is due to the fact that the

meaning at the CL and the meaning at theWL are not related
to each other. So, the statistics-based translation at the CL for
these cases is not feasible.

For these cases, the rule-based translation system will
give better results. Based on the close relationship between
the Chinese and Vietnamese languages, such as NE and
SINO translation [2], we built the set of transformation rules
in order to translate the NE and SINO, which could not
translated by the WL translation system. For example, a
Chinese PER王红 must be translated into Sino-Vietnamese
and must be uppercased. Its correct translation is “Vương
H�ng” (not “vương đ�” as in CL translation system). Sim-
ilarly, the Sino-Vietnamese 出色 must be translated based
on the Sino-Vietnamese transliteration. It means “xuất s�c”
(“remarkable”), while the CL translation system gives the
result as “ra màu.”

However, the rule-based translation system only can
deal with words that belong to SINO or NE categories.
It cannot translate all of the UKW words that cannot be
translated by the WL translation system (in Step 1). In this
step, the CL translation system proved to be more effective.
The words that the two previous systems were unable to
translate will be decomposed into characters, and, then,
they were translated by the CL translation system. In this
phase, the translation of the Chinese document was relatively
complete. Obviously, due to the lack of resources, UKWs
still may appear in the phase, but number of UKWs will
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not be more than that of both CL and WL translation
systems.

As for Google Translate, this translation system has to
translate twice when translating from Chinese into Viet-
namese; the translation errors in Vietnamese side include
the errors of the Chinese-English translation and English-
Vietnamese translation. Moreover, Google Translate usually
translates incorrectly NE words. A Chinese PER “王芳” is a
good example, Google Translate transliterated it into “Wang
Fang,” (Pinyin transliteration) while the correct translitera-
tion is “Vương Phương” (Sino-Vietnamese transliteration).
So, in the three corpora (11,000; 22,000; and 33,372), Google
Translate has the lowest BLEU scores and gives the highest
TER scores.

6. Conclusions and Perspectives

In this paper, we built Chinese-Vietnamese translation mod-
els by combining the strengths of two approaches, that is,
statistics-based and ruled-based translation on the two levels
of characters and words. This approach is suitable to the
language pairs that have a low-resource requirement, have
a close relationship, and a space cannot determine the word
boundary. As for the language pairs, although theWL transla-
tion systemoften translates wordmore accurately than theCL
translation system, it generates more UKWs. Furthermore,
regarding the languages in which characters are not the
smallest unit of the vocabulary, the CL translation systemwill
incorrectly translate words withmeanings that are not related
to the characters that form them. Typically, in Chinese-
Vietnamese MT, the named entities and Sino-Vietnamese
cannot be translated properly by the CL translation system.

The experimental results indicated that our combined
system significantly improved the performance of MT over
the performances of both the CL andWL translation systems.
The improved performance of our system is reflected in
different aspects, that is, it produces fewer UKWs than the
WL translation system, translates NEs and SINO better than
the CL translation system, and has a higher BLEU score
than either the CL translation system or the WL translation
system.

Given these results, we plan to integrate more linguistic
information into the system in order to increase the quality
of Chinese-Vietnamese MT.
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