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Abstract
Text classification has always been a concern in area of natural language
processing, especially nowadays the data are getting massive due to the
development of internet. Recurrent neural network (RNN) is one of the
most popular method for natural language processing due to its
recurrent architecture which give it ability to process serialized
information. In the meanwhile, Convolutional neural network (CNN)
has shown its ability to extract features from visual imagery. This paper
combine the advantages of RNN and CNN and proposed a model called
BLSTM-C for Chinese text classification. BLSTM-C begins with a Bi-
directional long short-term memory (BLSTM) layer which is an special
kind of RNN to get a sequence output based on the past context and the
future context. Then it feed this sequence to CNN layer which is utilized
to extract features from the previous sequence. We evaluate BLSTM-C
model on several tasks such as sentiment classification and category
classification and the result shows our model’s remarkable performance
on these text tasks.

Keywords: Text classification, Recurrent neural network, Convolutional
neural network.
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Terminology
Acronyms/Abbreviations

API Application programming interface

BLSTM Bi-directional Long Short-term Memory

CBOW Continuous Bag of Words

CNN Convolutional Neural Network

DAG directed acyclic graph

DM data mining

HMM Hidden Markov Model

KNN K-nearest Neighbour

LSTM Long Short-term Memory

NLP Natural language processing

RNN Recurrent Neural Network

SST Stanford Sentiment Treebank

SVM Support Vector Machine

TF-IDF term frequency–inverse document frequency
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1 Introduction
Text classification is an essential component in many NLP applications,
such as sentiment analysis, relation extraction and spam detection .
Therefore, it has attracted considerable attention from many researchers,
and various types of models have been proposed.

Our project is to find a method for Chinese text classification which will
outperform than the other well performed model for text classification.

1.1 Background and problem motivation
With the development of Internet technology and mobile social
networking platforms, the amount of textual information on the Internet
has grown exponentially. Given the strong real-time nature of the
Internet platforms, these textual information are of great potential value,
but they are messy in the network because of lacking of effective
organization and management. Text Classification is an effective
method for organizing and managing text information. Therefore, it is
widely used in the fields of information sorting, personalized news
recommendation, spam filtering, user intention analysis, etc.

Anyway, due to the massive size of textual information, it is impossible
for manual classification. Under such circumstances, using computer
technique to classify the textual information became a trend. The
problem is how to make computer understand the text so that it can
classify correctly. This job can be divide into two part : the first part is
transforming the text into the computer’s language - numbers; the
second part is finding a way to classify these numbers. There has been a
lot of methods for both steps which have been proven useful. The
propose of this project is to compare the common methods and try to
find the best method for our Chinese text classification.

1.2 Overall aim
There have been amounts of paper researching about text classification.
Due to the different structure of English and Chinese, their algorithms
which have been validate on English text may not perform well on
Chinese text. Anyway, we think there are still room to improve.
Therefore, the problem I will solve is to build a deep learning model for
Chinese text classification which can achieve remarkable performance
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and it will be bonus if it also shows remarkable results on English text
classification.

1.3 Concrete and verifiable goals
In order to build a well-performed deep learning model, there are a lot
of job that need to be done, including learning related knowledge in the
early period, implement in the middle period and summarize in the late
period. Therefore, the project will be consisted of several goals:

1) Find suitable word embedding method which is used to represent
word as numbers. It is worth mentioning that, Chinese language has a
different grammar from English language, therefore it will have some
different on the representation which need to be study.

2) Compare the effect of the different word representation method.
There are lots of representation methods in natural language processing
area. Anyway, for different task, such as different length of text,
different language, these methods will show different performance. Our
project will compare the different performance on different situation for
different method.

3) Find suitable machine learning methods and focus on one of it, deep
learning method. Machine learning method has showed its well
performance in many aspects while deep learning is the most popular
one for now. It is necessary to figure out of their principle so that when
implementing the model will be reasonable and have a good result on
the classification task.

4) Compare the effect of the common machine learning method and
deep learning method. Same as the representation methods, different
machine learning method is suitable for different situation. By
comparing their performance on different situation, we will find the
most suitable one for our classification task.

5) Find suitable text data-set for classification. The primary task is to
find one or more big-size, multiply categories, Chinese text data-set. The
second task is to find several generic text data-set which is widely used
in others methods for test the performance of the method. With these
data-sets, we can compare the methods from different language,
different length of text and so on.
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6) Based on the previous work, find the better way for Chinese text
classification, in other words, built the model which can achieve better
result on Chinese text classification task.

7) Apply this model on open data-set to validate the quality of our
model. As said before, this part is to compare the methods from
different language, different length of text and so on. Then we can
summarize the project based on the experiment results.

1.4 Scope
There are lots of methods for text classification since long time ago.
Anyway, to accomplish this classification task, there are lots of
processing needed to be done. For example, the segmentation, the word
embedding, the deep learning and so on. For any of these process, there
are lots of methods worth to study and experiment. Anyway, we don’t
have such time for it so our work will mainly focus on the deep
learning part, one of the most popular methods for text classification. In
the survey, the other classification methods such as keywords
classification, term frequency–inverse document frequency are ignored
because these methods have been developed for a long time and have
been mature. On the contrary, deep learning is still at the stage of rapid
development. Based on this background, we mainly focus on deep
learning method for this project.

1.5 Outline
Chapter 2 describes some theory which involves with the text
classification project, such as natural language processing, data mining,
word segmentation, word embedding, machine learning, deep learning.
Chapter 3 describes the methodologies I am going to use for the text
classification project. Chapter 4 describes the detailed implementation of
related technologies like word segmentation, word embedding, Bi-
directional Long Short-term memory[1] and Convolutional Neural
network, pooling, softmax. Chapter 5 describe the results for every
experiment and analyse the model based on it. Chapter 6 conclude the
project’s completion, ethical consideration and future work.

1.6 Contributions
First of all, this work is based on Johannes Lindén’s work on Swedish
text classification. Inspired by his work, I learned related theory about
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text classification and develop the deep learning model for Chinese text
classification which is different from Johannes’s work.
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2 Theory
To classify Chinese text, the mainly process can be divided into 3 parts:
word segmentation, word representation, machine learning or deep
learning. This chapter will describe the basic theory about these
methods.

2.1 Natural Language Processing
Natural language processing is an important direction in the field of
computer science and artificial intelligence. It studies various theories
and methods that enable effective communication between people and
computers using natural language. Natural language processing is a
science that integrates linguistics, computer science, and mathematics.
Therefore, research in this area will involve natural language, which is
the language that people use every day, so it has a close connection with
the study of linguistics, but there are important differences. Natural
language processing does not generally study natural language, but
rather it is to develop a computer system that can effectively realize
natural language communication, especially a software system therein.
The whole natural language processing can be divided into three parts:
analysis, conversion and generation:

 Analysis: Through Statistical Models, Statistical Models (Inferences),
Pattern Recognition/Classification, Machine Learning, and other
specific functions, to “analyze” the connotation, structure, and
understand what the documents are talking about.

 Transfer: After analysis, it can be “ convert ” into another form of
useful information for further use. For example, go to a deep
structure (automatic translation) in another language, or a database
(data warehousing).

 Generation: Sometimes, we will also write or spoken out some
useful but abstract information, this is called "generate" or
"synthesize".

There are lots of implements of “Natural Language Processing”:

 machine translation / Text-to-speech / Interpreter Telephony ...



Text Classification –
Xutao Wang 2018-05-20

11

 Automatic construction of bilingual dictionaries / Word or phrase
alignment ...

 Ontology construction / domain specific word extraction ...

 Automatic authoring / Spelling checker / Grammar checker ...

 Information retrieval / Information extraction / Data mining / Text
Mining / Web mining ...

 Text classification / Anti-spamming ...

 Emotion analysis / Opinion analysis / Keyword spotting ...

 And so on ...

Anyway, automated analysis, conversion, synthesis related to the
"word" or "word-like" series of symbols (such as DNA, music scores) can
only be done with considering their structure and function( or grammar
and semantics). Therefore, natural language processing technology will
eventually be used in these applications.

2.2 Data Mining
Data mining (DM) refers to the process of mining unknown and
valuable information and knowledge from a large amount of data [2].
Similar to data mining, there is a term called "machine learning". The
two terms are essentially indistinguishable. Specifically, the small
differences are as follows:

 The term machine learning focus more on technical aspects and
various algorithms. In general, machine learning can be thought of
in terms of speech recognition, image video recognition, machine
translation, driverlessness, etc. One thing that these things have in
common is an extremely complex algorithm. Therefore the core of
machine learning is a variety of sophisticated algorithms.

 Data mining is more biased toward "data" than algorithms. It
includes many pre-processing of data : crawling data with crawlers,
then data cleaning, data integration, data validation, data
visualization (drawing), etc. Finally, some statistical or machine-
learning algorithms are used to extract some useful “ knowledge ” .
Pre-processing of data is important in data mining.
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Therefore, the scope of data mining is more extensive. From the
perspective of data mining, the problems which it solves can be
converted into four types : classification, clustering, regression,
association.

 Classification: in simple terms, the classification model is established
by analyzing the potential features of each category based on the
data that has already been classified. For new data, it is possible to
output the probabilities of newly issued classes belonging to each
class.

 Clustering: the purpose of clustering is also to classify data, but the
categories are not defined in advance. The algorithm judges the
similarity between the data according to the principle of “reunion of
things”, and the similarity is classified into one category.

 Regression: The regression problem is somewhat similar to the
classification problem, but the dependent variable in the regression
problem is a numerical value, while in the classification problem,
the final output dependent variable is a category. A simple
understanding is to define a dependent variable, define several
independent variables, find a mathematical formula, and describe
the relationship between independent variables and dependent
variables.

 Association: Association analysis is based on data to identify
potential relationships between products and identify patterns that
may occur frequently.

There are lots of usage applications of data mining:

 Future Healthcare: It uses data and analytics to identify best
practices that improve care and reduce costs. Mining can be used to
predict the volume of patients in every category. Processes are
developed that make sure that the patients receive appropriate care
at the right place and at the right time. Data mining can also help
healthcare insurers to detect fraud and abuse.

 Market Basket Analysis: Market basket analysis is a modelling
technique based upon a theory that if you buy a certain group of
items you are more likely to buy another group of items. This
technique may allow the retailer to understand the purchase
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behaviour of a buyer. This information may help the retailer to
know the buyer’s needs and change the store’s layout accordingly.

 Education: There is a new emerging field, called Educational Data
Mining, concerns with developing methods that discover
knowledge from data originating from educational Environments.
The goals of EDM are identified as predicting students ’ future
learning behaviour, studying the effects of educational support, and
advancing scientific knowledge about learning. Data mining can be
used by an institution to take accurate decisions and also to predict
the results of the student. With the results the institution can focus
on what to teach and how to teach.

 Manufacturing Engineering: Knowledge is the best asset a
manufacturing enterprise would possess. Data mining tools can be
very useful to discover patterns in complex manufacturing process.
Data mining can be used in system-level designing to extract the
relationships between product architecture, product portfolio, and
customer needs data. It can also be used to predict the product
development span time, cost, and dependencies among other tasks.

 Fraud Detection: Billions of dollars have been lost to the action of
frauds. Traditional methods of fraud detection are time consuming
and complex. Data mining aids in providing meaningful patterns
and turning data into information. Any information that is valid and
useful is knowledge. A perfect fraud detection system should
protect information of all the users. A supervised method includes
collection of sample records. These records are classified fraudulent
or non-fraudulent. A model is built using this data and the
algorithm is made to identify whether the record is fraudulent or
not.

 Customer Segmentation: Traditional market research may help us to
segment customers but data mining goes in deep and increases
market effectiveness. Data mining aids in aligning the customers
into a distinct segment and can tailor the needs according to the
customers. Market is always about retaining the customers. Data
mining allows to find a segment of customers based on vulnerability
and the business could offer them with special offers and enhance
satisfaction.
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 And so on...

2.3 Word Segmentation
Chinese language is an unique language which is completely different
from English. In English, word and word are separated by space and
each word stands for independent meaning. On the contrary, Chinese
words do not have a space to separate them. What’s more, although
each word have their independent meaning, their meaning is changed
when the words are put together. For example, “尽” means “all” and
“管” means “manage”, but “尽管” means “although”. That’s why it is
difficult to segmented Chinese sentences.

Anyway, there have been several successful methods to segmented
Chinese sentence. These methods are divided into two mainly categories:
1) segmentation algorithm based on dictionary.

This algorithm is based on a certain strategy to match the string to the
words in the well-established “fully-sized” dictionary. If a certain term
is found, the match is successful and the word is identified. This is the
most widely-used and fastest method. It has four different way to cut
the sentences:

 Forward maximum matching method (from left to right).

 Reverse maximum matching method (from right to left).

 Minimum segmentation (makes the number of words cut out in
each sentence the smallest).

 Bi-directional maximum matching method (scans from left to right
and from right to left).

2) Machine learning algorithm based on statistics.

This method commonly use algothims such as Hidden Markov model,
Conditional random fields, Support Vector Machine and other machine
learning algorithms. Take Conditional random fields as an example, the
basic idea is to label the Chinese characters and use them to train. It not
only considering the frequency of words, but also considering the
context. Therefore it has better learning ability and has a good effect on
the recognition of ambiguous words and unregistered words. With the
establishment of large-scale corpus and the research and development
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of statistical machine learning methods, the statistical Chinese word
segmentation method has gradually become the mainstream method.

2.4 Word Embedding
Word embedding, also known as word representation, is the collective
name for a set of language modeling and feature learning techniques in
natural language processing (NLP) where words or phrases from the
vocabulary are mapped to vectors of real numbers. Conceptually it
involves a mathematical embedding from a space with one dimension
per word to a continuous vector space with a much lower dimension.

No matter which method we choose to use, they require the text input to
be represented as a fixed-length vector. The most common fixed-length
vector representation for texts is bag-of-words[4], bag-of-ngrams,
word2vector[5], paragraph vector[6] and so on.

At one level, it’s simply a vector of weights. In a simple 1-of-N (or ‘one-
hot’) encoding every element in the vector is associated with a word in
the vocabulary. The encoding of a given word is simply the vector in
which the corresponding element is set to one, and all other elements
are zero.
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Figure 1. Projection of the embbeding vector to 2-D

In word2vec, a distributed representation of a word is used. Take a
vector with several hundred dimensions (say 1000). Each word is
representated by a distribution of weights across those elements. So
instead of a one-to-one mapping between an element in the vector and a
word, the representation of a word is spread across all of the elements in
the vector, and each element in the vector contributes to the definition of
many words. Additionally, the work involved analysis of the learned
vectors and the exploration of vector math on the representations of
words. As the Figure 1 shown, the animal words like “dog”, “cat”,
“monkey” are closed to each other while the distance between them and
“table” is far away. What’s more, these representations are surprisingly
good at capturing syntactic and semantic regularities in language, and
that each relationship is characterized by a relation-specific vector offset.
This allows vector-oriented reasoning based on the offsets between
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words. For example, the male/female relationship is automatically
learned, and with the induced vector representations, “King – Man +
Woman” results in a vector very close to “Queen.”

In doc2vec, its principle is similar to word2vec while it use one vector
to represent the whole paragraph/article/document. Doc2vec put this
paragraph vector in the similar training process like word2vec and
update it during the whole training. By this way, it can get the vector to
represent this paragraph/article/document.

In the Global Vectors for Word Representation, or GloVe, algorithm is
an extension to the word2vec method for efficiently learning word
vectors, developed by Pennington, et al. at Stanford. Classical vector
space model representations of words were developed using matrix
factorization techniques such as Latent Semantic Analysis (LSA) that do
a good job of using global text statistics but are not as good as the
learned methods like word2vec at capturing meaning and
demonstrating it on tasks like calculating analogies (e.g. the King and
Queen example above). GloVe is an approach to marry both the global
statistics of matrix factorization techniques like LSA with the local
context-based learning in word2vec. Rather than using a window to
define local context, GloVe constructs an explicit word-context or word
co-occurrence matrix using statistics across the whole text corpus. The
result is a learning model that may result in generally better word
embeddings.

2.5 Machine Learning
Machine learning is a field of computer science that uses statistical
techniques to give computer systems the ability to “learn” with data,
without explicitly programmed. The name “machine learning” is first
proposed in 1959 by Arthur Samuel. It is evolved from the study of
pattern recognition and computational learning theory in artificial
intelligence, therefore it’s closely related to computational statistics,
which also focuses on prediction-making through the use of computers.

The tasks of machine learning can typically classified into two categories:
supervised learning and unsupervised learning. Supervised learning
will label the data so the computer can map the input to output while
unsupervised learning give the algorithm data without label, letting the
computer discovering by itself. What’s more, within the supervised
learning area, it can be divided into three sub-categories:
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 Semi-supervised learning: partly training data will be label while
the others will not.

 Active learning: the computer can only obtain training labels for a
limited set of instances (based on a budget), and also has to optimize
its choice of objects to acquire labels for. When used interactively,
these can be presented to the user for labeling.

 Reinforcement learning: training data (in form of rewards and
punishments) is given only as feedback to the program's actions in a
dynamic environment.

There are lots of machine learning methods like support vector machine,
decision tree learning, artificial neural networks, deep learning,
Bayesian networks and so on. Many machine learning algorithms have
been around for a long time, the ability to automatically apply complex
mathematical calculations to big data – over and over, faster and faster –
is a recent development. There are lots of achievements of machine
learning:

 The heavily hyped, self-driving Google car.

 Online recommendation offers such as those from Amazon and
Netflix.

 Fraud detection.

 And so on.

2.6 Deep Learning
Deep learning is a important part in machine learning methods. It is a
class of machine learning algorithms that:

 Use a cascade of multiple layers of nonlinear processing units for
feature extraction and transformation. Each successive layer uses the
output from the previous layer as input.

 Learn in supervised (e.g., classification) and/or unsupervised (e.g.,
pattern analysis) manner.

 Learn multiple levels of representations that correspond to different
levels of abstraction; the levels form a hierarchy of concepts.
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Deep learning architectures such as deep neural networks, deep belief
networks and recurrent neural networks have been applied to fields
including computer vision, speech recognition, natural language
processing, audio recognition, social network filtering, machine
translation and so on, where they have produced results comparable to
and in some cases superior to human experts. The famous “Google’s
AlphaGo” which crashed Lee Sedol, the professional Go player of 9 dan
rank is the product of deep learning.

Recurrent neural network (RNN)[1] and Convolutional neural network
(CNN)[7] are two popular methods in deep learning. RNN has showed
its remarkable performance in natural language processing because its
recurrent architecture while CNN has showed its ability to extract
features from images. These two methods will be objects of our mainly
study.

2.7 Related Work
Deep learning based neural network models have achieved great
success in natural language processing. It usually need to represent the
words as vectors then feed them into different neural networks to get
the classification done. To get better representation of text, TF-IDF and
bag-of-words is used in the early research. Take bag-of-words as
example, this model treats texts as unordered sets of words(Wang and
Manning, 2012)[4]. In this way, it lose the word order and syntactic
feature. Mikolov comes up with distributed representations of words,
paragraph ( Mikolov et al., 2013b; Le and Mikolov, 2014)[5][6]. Their
experiments show that Word Vectors and Paragraph Vectors
outperform bag-of-words models as well as other techniques for text
representations.

In many recent text representation learning works, there are two
popular neural network models show their remarkable performance -
convolutional neural network (CNN) and recurrent neural network
(RNN).

Convolutional neural networks(CNN)(Alex Krizhevsky et al.,2012) [7]
achieve remarkable result on image classification. To represent the
image input, 2D convolution and 2D pooling operation is suitable
(LeCun et al., 1998; Krizhevsky et al., 2012)[7][8]. As for text input,
Kalchbrenner utilizes 1D convolution to perform the feature mapping,
and then applies 1D max pooling operation over the time-step
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dimension to obtain a fixed-length output(Kalchbrenner et al., 2014; Kim,
2014)[9][10] . In 2017, Conneau et al. applied a very deep convolutional
neural network on text classification tasks by pushing the depth to 29
convolutional layers[11].

Due to its recurrent structure, RNN is able to preserve sequence
information over time. This feature makes RNN applicable for
serialization task like text classification, speech recognition. Tai[12]
proposed the Tree-LSTM, a variant of RNN which allow for richer
network topologies where each LSTM unit is able to incorporate
information from multiple child units. Zhou et al. [13] successfully
extracted meaningful features from document automatically by
combined Bi-Direction LSTM with attention mechanism.
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3 Methodology
There has been a lot of methods which is applied to classify no only the
text but also images, videos and so on. Traditional text classification
generally uses machine learning-based methods such as Naive Bayes,
Support vector machine, k-nearest neighbors, etc. However, their
performance depends on the quality of hand-crafted features.
Compared with machine learning methods, the deep learning method
proposed in 2006 is an effective method for feature extraction. More and
more scholars apply neural networks to text classification. Based on the
information mentioned before, to build a well-performed classification
model, my project is divided into seven goals which not only involves
machine learning but also deep learning. How I will achieve these goals
are as followed.

1) To find the suitable word embedding method for text representation,
I will first search information about the general word embedding
methods which include Word2Vec, Doc2Vec, GloVe , TF-IDF. These are
all mature methods and their paper is made public on the Internet. I will
read their paper and try to understand their principle. What’s more, it
will be helpful to read papers about Chinese text classification to see
what word representation method they commonly use for Chinese text
classification task.

2) To compare the effect of the different word representation method., I
will apply the knowledge to practice. There are ready-made code which
has already implement those word embedding methods. I can run these
codes on large-scale text dataset and compare their performances. In the
meantime, changing the parameters like the length of the text, the type
of language will be an interesting experiment.

3) To learn machine learning methods and focus on one of it, deep
learning method , I will first reading papers about Recurrent Neural
Network, Convolutional Neural Network and Support Vector Machine,
Naive Bayes and k-nearest neighbors . Then I will focus on two of them.
One is the special Recurrent Neural Network called Long Short-Term
Memory Neural Network which has been proved successful on text
task , while the other one is Convolutional Neural Network which has
been proved successful on extracting the features from images. There
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are plenty of papers about using these methods to do the classification
job, I will try to understand them by reading these paper attentively.

4) To compare the effect of the common machine learning method and
deep learning method , it’s time to apply the knowledge to practice. As
for deep learning methods, there is a high-level neural networks API,
called Keras, which contains a deep learning library. Keras is known as
easy and fast prototyping and there is a detailed document explaining
how to use Keras to build neural network. With this advantages, it will
not be too difficult to apply Long Short-Term Memory Network and
Convolutional Neural Network. By applying them on our datasets, I can
compare the effect of these different neural network methods. What’s
more, because the type of our dataset can be various, I can also compare
the same method’s performance on different situation.

5) To find the suitable datasets is the precondition of all my work. There
are several public dataset for research use, for example, the stanford
sentiment treebank dataset is a public English text dataset which has
been widely used to evaluate the performance of the model in many
papers. Anyway, only one English dataset is not enough. Our aim is to
classify Chinese text, therefore I find a public Chinese news dataset,
THUNews, which is generated by filtering the news on Sina News
Website from 2005 to 2011. With these datasets, the experiments can
compare the methods from different situations.

6) Goal 6 is finding the better model for Chinese text classification. To
find this model, the previous goals are indispensable because this goal
requires the knowledge and practical ability which is obtained from the
previous work. It will be the most difficult goal but with effort and
patience, I believe it will be achieved.

7) Once finding the model, the next goal is to analyse and validate the
quality of this model. I will analyse the model from three ways: the
effect of different language, different text length and different
parameters of the neural network. Each way requires reasonable
experiments. It will be necessary to analyse the model from different
aspects so that we can know its advantage and disadvantage and find
the most suitable situation for it to work.

It’s reasonable to divide the project into seven goals while each goal is
cornerstone for next goal except goal 5. Finding the dataset can be finish
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anytime before the experiment. By achieving the goal one by one, the
final result will come up in the end.
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4 Implementation
As the Figure 2 shows, the whole process of our model can be divided
into 8 parts. When there is a input text comes to the model, it will first
get segment, then be represent as vector (word embedding) and feed to
the mainly part of our model, which consist of three layers, BLSTM
layer, Convolution layer, pooling layer. At last, it will use a softmax
funtion to classify it and get the final output. More details will be given
in the subsection.

Figure 2. Classification Process

4.1 Input
Input text is the text which needs to be classify. The experiment need to
be run on large amounts of text so that the result will be reliable. What’s
more, in order to compare the difference between Chinese language and
English language, we need to prepare not only Chinese news dataset
but also English news dataset. After comparing the widely use dataset
from the Internet, we finally choose three different dataset for our
experiment. Two of them are used for sentiment classification on
English text and the other one is used for category classification on
Chinese text. Summary statistics of the datasets are as followed:

SST-1: Stanford Sentiment Treebank benchmark from Socher et al.
(2013)[15]. This dataset consists of 11855 movie reviews and are split
into train (8544) , dev (1101) and test (2210).The aim is to classify a
review as fine-grained labels (very negative, negative, neutral, positive,
very positive).

SST-2: Same as SST-1 but with neutral reviews removed and binary
labels (positive, negative).
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THUCNews: THUCNews is generated based on the historical data of
the Sina News RSS subscription channel from 2005 to 2011. Based on the
original Sina news classification system, it reintegrates and divides. This
experiment selected seven categories of articles for classification: politics,
economy, technology, sports, education, fashion, and games.

4.2 Word Segmentation
After compared the most commonly use tools for Chinese word
segmentation, we finally choose “ Jieba ” , which is build to be the best
Python Chinese word segmentation module. The mainly algorithms for
it are as followed:

 Based on a prefix dictionary structure to achieve efficient word
graph scanning. Build a directed acyclic graph (DAG) for all
possible word combinations.

 Use dynamic programming to find the most probable combination
based on the word frequency.

 For unknown words, a HMM-based model is used with the Viterbi
algorithm.

4.2.1 Build Directed Acyclic Graph
“Jieba” comes with a dictionary which contains more than 20,000 words
and the number of their occurrences (this dictionary is trained based on
resources such as People’s Daily corpus). These words are put into a trie
tree which is a kind of search tree—an ordered tree data structure that is
used to store a dynamic set or associative array where the keys are
usually strings. Then, based on this trie tree, given the sentence which
need to be segment, it will build a directed acyclic graph (DAG) for all
possible word combinations. It is a finite directed graph with no
directed cycles. That is, it consists of finitely many vertices and edges,
with each edge directed from one vertex to another, such that there is no
way to start at any vertex v and follow a consistently-directed sequence
of edges that eventually loops back to v again. Equivalently, a DAG is a
directed graph that has a topological ordering, a sequence of the vertices
such that every edge is directed from earlier to later in the sequence.

4.2.2 find the most probable combination
In dynamic programming, it first look for the already-segmented words
in the word segmentation and find the frequency (number of times/total
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number) of the word in the dictionary. If there is no such word (since it
is based on a dictionary search, it should be), the frequency of the word
with the smallest frequency in the dictionary, that is, P (a word) =
FREQ.get('a word', min_freq). Then according to the method of dynamic
programming to find the maximum probability path. The maximum
probability of the sentences is calculated from right to left ( The focus of
Chinese sentences often falls on the right side , therefore, calculating
from the right to the left can achieve higher correct rate than from left to
right, this is similar to the inverse maximum matching). And so on, it
finally gets the maximum probability path and the maximum
probability of the segmentation combination.

4.2.3 HMM-based model
For unknown words, a HMM-based(Hidden Markov Model) model is
used with the Viterbi algorithm.

Figure 3. Probabilistic parameters of a hidden Markov model (example).
X — states ;y — possible observations;a — state transition probabilities;
b — output probabilities

The typical introduction of HMM is that this model is a five-tuple, as the
Figure 3 shown:

1) StatusSet: Status Value Collection.

2) ObservedSet: Observation Set.
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3) TransProbMatrix: Transition Probability Matrix.

4) EmitProbMatrix: Emission Probability Matrix.

5) InitStatus: Initial State Distribution.

For the Chinese words, it use 4 states (BEMS) to distinguish them:
B(begin), E(end), M(middle), S(single). And after training on large
quantities of corpus, it gets three probability table: TransProbMatrix,
Emission Probability Matrix, Initial State Matrix. Then for a sentence
that needs to be segmented, the HMM model use viterbi algorithm to
get the best ‘BEMS’ sequence which begin with a ‘B’-word and end with
a ‘E’-word.

Assume that given the HMM state space S, there are k states, the
probability of the initial state i is π i, and the transition probability from
the state i to the state j is aij. Let the observed output be y1,...,yT. The most
likely state sequence x1,...,xT that produced the observation is given by
the recurrence relation:

kkl kyPV  )|( 1, (1)

))|((maxV ,1,, xtkxtSxkt VakyP   (2)

Here Vt,k is the probability of the most likely state sequence to
correspond to the first t observations with a final state of k. The Viterbi
path can be obtained by saving the backward pointer to remember the
state x used in the second equation. Declares a function Prt(k,t) , which
returns the x value to be used if t>1 or return k value if t=1.

)(maxarg ,xTSxT Vx  (3)

),(Ptr1-t txx t (4)

4.3 Word Representation
To translate the words in Chinese natural language into a computer-
understandable language, the Chinese text needs to be converted into a
Dense Vector. As we said before, there are several methods to do this.
The simplest way is to convert the words into One-Hot Encoding, which
means that only one bit in each vector is 1 and the rest bits are 0. When
using this method, the size of the vector dimension depends on the
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number of words in the corpus, so when dealing with a large amount of
text, it will result in an overly high dimension. The bag-of-words
constructs the words in the document as a dictionary, and represents the
document as a vector of the number of occurrences of the words. The
disadvantage is that the meaning of the words is ignored. For example,
the distance between "Strong", "weak" and "Beijing" are equal in the
word bag model.

In order to avoid this, we use Distributed Representations to translate
words into vectors. This method uses neural network training to map
the words in the text into a shorter vector with a fixed length. And the
semantic similarity of words can be expressed by the distance between
vectors.

This paper uses the CBOW model (shown in Figure 4) in Word2Vec to
train word vectors while their is anothor model called skip-gram
(shown in Figure 5). The CBOW model consists of three layers: input
layer, projection layer, and output layer, which predict the current word
through context. As shown in Figure 1, W(t) is the middle word, the
sliding window size is n, W(tn), W(t-n+1),..., W(t+n-1), W(t+n ) is the
context of the known W(t). Deduced from the context by the probability
that W(t) belongs to a word in the dictionary. In short, the algorithm
selects the contextual word vector of the target word, inputs it into the
projection layer for weighted summation, and uses the hierarchical
Softmax algorithm for feedback adjustment in the output layer. Its target
value is based on the Huffman coding for each word vector path. Two
nodes are used to determine the binary classification, which maximizes
the probability of predicting the binary encoding of words.
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W(t-n)

W(t-n+1)

W(t+n-1)

W(t+n)

W(t)...

Figure 4. CBOWModel

W(t-n)

W(t-n+1)

W(t+n-1)

W(t+n)

W(t)

...

Figure 5. Skip-gram

The conditional probability of the word w occurs when the context is
known is
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Its maximum likelihood function is
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Substituting the conditional probability into the maximum likelihood
function
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This is the objective function of the CBOW model. It is optimized using
a stochastic gradient ascent method to maximize the function. Through
this model, each news text is converted into a fixed-size vector, and the
neural network input is obtained.

4.4 BLSTM-C Model
As shown in Figure 6, our model begins with a BLSTM layer to get a
sequence output based on the past context and the future context. Blocks
of the same color in the feature map layer and window feature sequence
layer corresponds to features for the same window. Then we feed this
sequence to CNN layer which is utilized to extract features from the
previous sequence. After that, we use a max-over pooling layer to get a
fixed length vector and feed it to the output layer which use softmax
function to classify the input.

Figure 6. Architecture of BLSTM-C model
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4.4.1 Bi-Directional Long Short-Term Memory
LSTM is developed based on RNN to solve the gradient vanishing or
exploding problem. The mainly idea is adding “gate” in Recurrent
Neural Network to control the passing data. Figure 7 is the structure of
LSTM. A common architecture of LSTM units consists of a memory cell,
an input gate, an output gate and a forget gate. LSTM have the form of a
chain of repeating modules of neural networks. The memory cell runs
across the whole chain, with information stored inside. The other three
gates are designed to control whether adding or blocking the
information to the memory cell.

Figure 7. Long Short-term memory unit

With the output from the old hidden state ht-1 and the input from
current moment xt , the gates decide how to update the current memory
cell and the current hidden state ht . The forget gate uses a sigmoid layer
to decide how to remove information from the memory cell. The output
of the forget gate represent the proportion of the information that we are
going to keep. The input gate is responsible for the addition of
information to the memory cell. This addition operation consists of three
part : firstly, using a sigmoid layer to regulate the information that need
to be added to the memory cell; secondly, using the tanh function to get
a vector from ht-1 and xt ; finally, multiplying these two value and feed to
the memory cell. The job of selecting useful information from the
memory cell to output is done by the output gate. The output gate first
create a vector by applying tanh function to the cell state. Then regulate
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the information from ht-1 to xt and multiply it with the vector created
before. By this way it gets the output for this moment.

The LSTM transition functions are defined as follows:

)i],[(i 1 bxhW tttt   (9)

)],[(f 1 fttft bxhW   (10)

)],[(tanc 1

~

cttct bxhWh   (11)

)],[(o oot bxhW   (12)
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)ctanh(h ttt o  (14)

σ is the logistic sigmoid function that has an output in [0, 1], tanh
denotes the hyperbolic tangent function that has an output in [−1, 1],
and • denotes the elementwise multiplication. At current time t, ht is the
hidden state, ft the forget gate, it the input gate, Ot the output gate. Wi ,
Wo, Wf represent the weight of these three gate while bt，bo，bf is the
gates’ bias.

As for BLSTM, it is an extension of the undirectional LSTM. BLSTM add
another hidden layer and connect with the first hidden in opposite
temporal order. Due to its structure, BLSTM can consider the
information from both the past and the future. Therefore, in this paper,
we choose BLSTM to capture the information of the text input.

4.4.2 Convolutional Neural Network
Since the input have only two dimensions: xi∈ℜ d represent the d-
dimensional vector for the i-th word in the sentence and x∈ℜ d denote
the input sentence where L is the length of the sentence. We use one-
dimensional convolution to extract features from the output of LSTM
layer.

The one dimensional convolution uses a filter sliding over the input
sequence to detect features from different positions. The word’s vector
in the sliding filter is donoted by xj, xj+1,… , xj+k-1. We can represent the
window vector as
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wj = [xj, xj+1,…, xj+k-1] (15)

The window vector which related with the word xj are: wj-k+1, xj-k+2,…, xj.
For each window vector wj, its feature map is produced as follows:

cj = f (wj ◦m + b) (16)

where ◦ is dot product, b∈ R is a bias term and f is a nonlinear
transformation function that can be sigmoid, hyperbolic tangent, etc. In
our experiment, we choose ReLU as the nonlinear function. In our
model, we use n filters to produce feature maps as followed,

W = [c1,c2,…,cn] (17)

Here, ci is the feature map generated with the i-th filter. The convolution
layer may have multiple filters for the same size filter to learn
complementary features, or multiple kinds of filter with different size.

Then a max-over pooling is applied on this feature map to obtain a
fixed length vector for classification. This pooling operation is used to
extract maximum value from the matrix (feature map).

4.4.3 Pooling
After each convolution, we add a max-pool layer to extract the most
significant elements in each convolution and turn them into a feature
vector. It is common to periodically insert a Pooling layer in-between
successive Conv layers in a ConvNet architecture. Its function is to
progressively reduce the spatial size of the representation to reduce the
amount of parameters and computation in the network, and hence to
also control overfitting. Figure 8 shows two common pooling operation:
man pooling and average pooling. Max pooling choose the max value in
the filter as new value in the new matrix while average pooling use
average value of all numbers in the filter.
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Figure 8.Pooling operation

The Pooling Layer operates independently on every depth slice of the
input and resizes it spatially, using the MAX operation. The pooling
layer with filters of size 4x250 applied with a stride of 4 downsamples
every depth slice in the input by 250 along the dimension of word vector.
Every MAX operation would in this case be taking a max over 4 vectors .
The depth dimension remains unchanged.

4.4.4 Softmax
In mathematics, the softmax function, or normalized exponential
function, is a generalization of the logistic function that “squashes” a K-
dimentional vector z of arbitrary real values to a K-dimensional vector
σ (z) of real values, where each entry is in the range (0, 1), and all the
entries adds up to 1. The function is given by
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In probability theory, the output of the softmax function can be used to
represent a categorical distribution - that is, a probability distribution
over K different possible outcomes. In fact, it is the gradient-log-
normalizer of the categorical probability distribution.
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The softmax function is used in various multiclass classification
methods, such as multinomial logistic regression, multiclass linear
discriminant analysis, naive Bayes classifiers, and artificial neural
networks. Specifically, in multinomial logistic regression and linear
discriminant analysis, the input to the function is the result of K distinct
linear functions, and the predicted probability for the j'th class given a
sample vector x and a weighting vector w is:
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This can be seen as the composition of K linear functions x -> xTw1, . . . ,
x -> xTwK and softmax function( where xTw denotes the inner product of
x and w). he operation is equivalent to applying a linear operator
defined by w to vectors x , thus transforming the original, probably
highly-dimensional, input to vectors in a K-dimensional space ℜk.

4.5 Output
Classification problems can take the advantage of condition that the
classes are mutually exclusive, within the architecture of the neural
network.

In our experiment, we have several classes. Take Chinese text
classification experiment as example, the dimension of the output layer
is 8. Ideally, best prediction is if the probability is 1.0 for a single output
node, and probability of rest of the output nodes are zero.

We should incorporate such mechanism within the architecture. Best
architecture for such requirement is Max-layer output, which will
provide probability of 1.0 for the maximum output of previous layer
and probability of rest of the output node will be considered as zero. But
such output layer will not be differentiable, hence will be difficult to
train.

Alternatively, if we use Softmax function as output layer, it will almost
work like Max layer as well as it will be differentiable to train by
gradient descent. Exponential function will increase the probability of
maximum value of the previous layer compare to other value. Also,
summation of all output will be equal to 1.0 always. Finally, a softmax
layer trained on the hand written digits will output a separate



Text Classification –
Xutao Wang 2018-05-20

36

probability for each of the ten digits, and the probabilities will all add
up to 1.
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5 Results
As shown in Table 1, we compare our model with a lot of well-
performed model from different tasks. One of the task is sentiment
classification ( SST-1, SST-2 ) while the other one is category
classification ( THUCNews ).

Table 1: Comparison with baseline models on Stanford Sentiment
Treebank and THUCNews.

Model SST-1(%) SST-
2(%)

THUC-
News(%)

Reported in

SVM

NBoW

Paragraph
Vector

40.7

42.4

48.7

79.4

80.5

87.8

77.5

75.5

74.6

(Socher et al., 2013b)

(Kalchbrenner et al., 2014)

(Le and Mikolov, 2014)

DCNN

CNN-non-
static

Molding-
CNN

CNN-
multichannel

48.5

48.0

51.2

47.4

86.8

87.2

88.6

88.1

-

-

-

-

(Kalchbrenner et al., 2014)

(Kim, 2014)

(Lei et al., 2015)

(Kim, 2014)

RCNN

S-LSTM

BLSTM

Tree-LSTM

47.21

-

49.1

51.0

-

81.9

87.5

87.5

-

-

-

-

(Lai et al., 2015)

(Zhu et al., 2015)

(Tai et al., 2015)

(Tai et al., 2015)

MV-RNN

RNTN

DRNN

44.4

45.7

49.8

82.9

85.4

86.6

-

-

-

(Socher et al., 2012)

(Socher et al., 2013b)

(Irsoy and Cardie, 2014)
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LSTM

B-LSTM

CNN

BLSTM-C

47.1

47.3

46.5

49.5

87.0

88.1

85.5

89.2

83.4

86.5

82.5

96.1

Our implementation

Our implementation

Our implementation

Our implementation

5.1 Overall performance
We use the SST-1 and SST-2 dataset to compare the performance of
different methods. As shown in the table 1, we compare our model with
some well-performed models from different areas, such as Support
Vector Machine, Recursive Neural Network, Convolutional Neural
Network, Recurrent Neural Network. Specifically, for Recursive Neural
Network, we choose MV-RNN: Semantic Compositionality through
Recursive Matrix-Vector Spaces(Socher et al., 2012)[16], RNTN:
Recursive deep models for semantic compositionality over a sentiment
treebank (Socher et al., 2013)[15], DRNN: Deep recursive neural
networks for compositionality in language (Irsoy and Cardie, 2014)[17].
For CNN, we choose DCNN: A convolutional neural network for
modeling sentences (Kalchbrenner et al., 2014)[9], CNN-nonstatic and
CNN multichannel : Convolutional neural networks for sentence
classification (Kim, 2014)[10], Molding-CNN: Molding CNNs for text:
non-linear, non-consecutive convolutions (Lei et al., 2015)[18]. For
Recurrent Neural Network, we choose CNN: Recurrent Convolutional
Neural Networks for Text Classification (Lai et al., 2015)[18], S-LSTM:
Long short-term memory over recursive structures (Zhu et al., 2015)[19],
BLSTM and Tree-LSTM: Improved semantic representations from tree-
structured long shortterm memory networks (Tai et al., 2015)[12]. For
other baseline methods, we use Support Vector Machine, n-gram bag of
words and Paragraph Vector. Anyway, we also implement LSTM, B-
LSTM by ourselves for further comparison of category classification on
our Chinese news dataset.

As the table shown, our BLSTM-C model achieves remarkable
performance on 2 out of 3 tasks. In sentiment classification, our BLSTM-
C model get best result on SST-2 dataset while molding-CNN achieve
best performance on SST-1 dataset. Although our model didn’t beat the
state-of-art ones, our model still get an acceptable result which means
our model is feasible for various scenarios.
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As for text category classification, our model achieve outstanding result
which is better than other well-performed models. Comparing our
model with single layer LSTM, B-LSTM and LSTM model, our model do
combine the advantages of both LSTM and CNN. It successful learn
long-term dependencies and extract features from text which leads to
better result. Although our model doesn’t use any human-designed
features, it beat the state-of-art SVM which demand highly engineered
features.

5.2 Chinese Classification Result
As the matrix shown, our model get satisfying result on Chinese
classification task. The total accuracy is 96.18% which outperform than
others baseline models. To be specific, label 0 represent “economy”,
label 1 represent “sports”, label 2 represent “politic”, label 3 represent
“education”, label 4 represent “fashion”, label 5 represent “PC game”,
label 6 represent “technology”.

Figure 9. Output of the experiment
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Table 2. Confused Matrix

eco-
nomy

sports politic edu-
cation

fashion PC
game

tech-
nology

eco-
nomy

4189 6 4 2 0 4 2

sports 6 4092 27 0 3 43 59

politic 13 107 3933 24 3 72 35

Edu-
cation

5 6 18 4114 11 12 5

fashion 20 9 8 9 4040 78 2

PC game 13 160 64 26 56 3852 46

techno-
logy

18 61 27 16 2 40 4058

It can be tell via the confused matrix that economy, education, fashion
are both unique categories which do not have obvious overlapping with
other categories. In contrast, because PC games can consists of sports
game, political game and so on, the classification result on PC games is
not as good as others. Anyway, our model successfully distinguish
96.18% articles which is a remarkable result.

5.3 Model Analyse
Here we investigate the impact of different parameters on our model
performance.

1)The length of the maxlen

In the word vectors initialize and padding, we set up the parameter
maxlen to determine the length of the words which are chosen to
represent the article. As for SST-1 and SST-2 dataset, the average length
of articles are 18, which is too short to see the different influence of the
article length. Therefore we select THUCNews dataset for experiment to
find out the effect of article length. Figure 10 shows the different length
of the article leads to different performance.

The best result, 93.77% occurs when we use 80 words to represent the
article, which is also the closest length to the dataset’s average article
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length. Once the maxlen is far greater than the average length of the
articles, the accuracy will decrease obviously because there will be much
more zero vectors in the article’s vector.

Figure 10. loss and accuracy vs. article length.

2）The size of Convolutional Filter

In Figure 11, we present the prediction accuracy on the question
classification task using different convolution filter configurations. For
the horizontal axis, the number means convolutional kernel size, and
five different color bar charts on each filter size represent the different
dimension of the convolution output. “S8” means the size of kernel is 8
while “F128” represent the dimension of the convolution output is 128.
It is obvious that the dimension of 64 out-perform than the other
dimension and the best result which achieves 93.55% accuracy occurs
when the window size is 7.
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Figure 11. accuracy vs. different filter configuration

5.4 Results Compared with Swedish language
To compare the model’s effect on different language, while I was
developing the BLSTM-C model for Chinese text classification, Johannes
developed a CBOW and LSTM model for Swedish text classification. To
compare the different performance of different language on different
languages, we run each others’ dataset on our own model. Here is the
result for the comparing experiments.

Table 3. CBOW and LSTMmodel on Chinese dataset

Eco-
nomy

Sports Edu-
cation

politic Fa-
shion

PC
games

Tech-
nology

Eco-
nomy

498 3 35 31 16 6 15

sports 4 574 7 4 0 7 1

Edu-
cation

26 1 558 20 6 3 7

politic 8 3 16 509 17 4 14
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Fa-
shion

10 1 5 11 543 1 5

PC
games

7 4 13 9 8 572 4

Tech-
nology

38 0 36 33 8 6 493

Table 4. BLSTM-C model on Chinese dataset

econo
my

sports educat
ion

politic fashio
n

PC
games

Techn
ology

Eco-
nomy

566 1 9 14 7 1 6

sports 1 591 0 0 2 1 2

Edu-
cation

8 0 593 6 0 0 14

politic 1 0 4 512 5 3 16

Fa-
shion

0 1 0 4 566 2 3

PC
games

1 2 1 5 3 604 1

Tech-
nology

8 1 8 14 1 2 580

As shown in the table 3 and table 4, for Chinese text classification, the
BLSTM-C model shows better performance than CBOW and LSTM
model which is built for Swedish text classification. The accuracy of
BLSTM-C model is 95.52% while the CBOW and LSTM model is 89.21%.
To find out if the reason of this different is the language’s difference, we
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run the second experiment which compares the different performance
on Swedish dataset.

Table 5. CBOW and LSTMmodel on Swedish dataset

Acci-
dents

Eco-
nomy

Culture Enter-
tainment

Fami-
ly

Sports

Acci-
dents

536 35 3 2 18 6

Eco-
nomy

52 465 39 4 38 2

Culture 1 30 426 35 106 2

Enter-
tainment

15 33 200 272 62 18

Family 14 25 112 29 413 7

Sports 14 17 10 25 81 453

Table 6. BLSTM-C model on Swedish dataset

Acci-
dents

Eco-
nomy

Culture Enter-
tainment

Fami-
ly

Sports

Acci-
dents

1058 47 86 61 197 150

Eco-
nomy

84 1106 127 107 99 84

Culture 81 38 1344 23 20 95

Enter-
tainment

29 44 35 1480 29 18
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Family 121 68 59 50 832 443

Sports 86 59 286 49 268 848

As shown in the table 5 and table 6, for Swedish dataset, the CBOW and
LSTM model achieve better result which is 71.25% while the BLSTM-C
model get 69.49% accuracy. Due to the dataset’s different features, both
model get nearly 70% percent. Based on these two experiments, BLSTM-
C model is more suitable for Chinese text classification while CBOW
and LSTM model is more suitable for Swedish text classification. It turns
out that the different features of languages can make the results
different.
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6 Conclusions
After a long period of preparation and lots of experiments, the results
which has been shown in chapter 5 are satisfying. Although there are
still space to be improved, the goals which were proposed in the
beginning of project are both achieved to some extend.

1) Goal 1 : To find the suitable word embedding method for text
representation. I read papers about the general word embedding
methods which include Word2Vec, Doc2Vec, GloVe , TF-IDF. After that,
I also compare the effect of different embedding methods on different
papers.

2) Goal 2 : To compare the effect of the different word representation
method. I successfully apply the knowledge to practice. I used mature
tools which implement methods such as Word2Vec, Doc2Vec, GloVe ,
TF-IDF on large-scale text dataset and compare their performances. It
turns out that word2vec is the outperform than the other methods.

3) Goal 3 : To learn machine learning methods and focus on one of it,
deep learning method. I read papers about Recurrent Neural Network,
Convolutional Neural Network and Support Vector Machine, Naive
Bayes and k-nearest neighbors. These works give me a better
understanding about Long Short-Term Memory Neural Network and
Convolutional Neural Network.

4) Goal 4 : To compare the effect of the common machine learning
method and deep learning method. I used a high-level neural networks
API, Keras, to apply Long Short-Term Memory Network and
Convolutional Neural Network. I separately develop LSTM model,
CNN model, KNN model, SVM model, BLSTM model and experiment
them on the same dataset. It’s shown that the BLSTM model achieve
best performance between them.

5) Goal 5 :To find the suitable datasets is the precondition of all my
work. I found the stanford sentiment treebank dataset which has been
widely used to evaluate the performance of the classification task and a
public Chinese news dataset, THUNews, which is generated by filtering
the news on Sina News Website from 2005 to 2011. These datasets are
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enough for our project to do experiments for comparing the methods
from different situations.

6) Goal 6 is finding the better model for Chinese text classification.
Based on the experiments and results before, I tried to combine two of
the well-perform model, Long Short-term Memory and Convolutional
Neural Network together and successfully build the BLSTM-C model
which achieve the satisfying performance.

7) Goal 7 : Analyse and validate the quality of this model. Based on lots
of experiments, I analyse the model from three ways: the effect of
different language, different text length and different parameters of the
neural network. The analysis are proposed in chapter 5.

6.1 Ethical Consideration
Our work successfully improve the computer’s ability to automatic
classify Chinese text. We develop this model out of good willing.
Anyway, technology is double-edged sword which needs to be use
carefully. We would like to see our method being used in a good way.

6.2 Future Work
There are still space to be improved which can be proposed in the future.

To improve our work, it will be wise to improve from the first step:
word representation. In our work, due to the lack of mature existing
Chinese word2vec model, we need to spend lots of time to train the
word2vec model by ourselves. And the massive time it took for training
make it impossible for us to find the better parameters to train the better
word2vec model. If time permits, we should spend more time on word
representation in order to get a better model to represent the Chinese
words.

In our project, we use one Bi-directional Long Short-term Memory layer
and one Convolutional Neural Network layer to compose our deep
learning model. Anyway, it will be a interesting idea to deepen the
neural network layer. There is research that use 29 convolutional layers
to do the text classification and get a satisfying results. It’s also common
for Long Short-term Memory to be multi-layer. Therefore, in the future
work, we will try to deepen the layer of our model to see if it will
achieve better performance.
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If conditions permit, find a dataset which has both Chinese version and
English version. Only in this way, we can tell if the classification
methods are capable for multi-language classfication task. What’s more,
increase the category of text will increase the difficulty of classification.
For example, “stock market” and “economy”, “fashion” and “super
star” can be similar categories which make it even difficult for human
being to distinguish them. This will be a big challenge.
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