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Text Classification Based on Title Sematic Information

Yunxiang Liu1, Qi Xu2, Chunya Wang3

Abstract: With the rapid development of big data technology, text classification plays an important
role in practical application, its applications span a wide range of activities such as sentiment analysis,
spam detection, etc. Traditionally, we model the relationship between document and label. However, in
many scenarios, document have specific relationship with corresponding title. Inspired by this, a text
classification model based on title Semantic Information is proposed in this study. In our model, long
short-term memory (LSTM)is used to learn title embedding, document embedding is obtained by using
promoted LSTM(TS-LSTM) which take into account the title information. The experimental results on
the standard text classification datasets show that its performance is better than the existing state-of-
the-art text classification algorithms.
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I. INTRODUCTION

ith the rapid development of the Internet, Internet
users are increasing explosively, and massive

amounts of Internet data are constantly being generated.
These data contain rich information [1]. However, the
amount of data is large and diverse, which poses a
challenge to data management technology. How to
design an effective classification system becomes the
key to solving the problem. Classification technology
has many practical applications, such as text
classification, image classification, question answering
systems, and so on.

Text classification is one of the key technologies of
Internet text processing. This technology is widely used
in various scenarios. For example, products can be
adjusted and optimized based on user feedback; related
organizations can conduct public opinion analysis based
on user comments on social software. Text
classification data usually has the following
characteristics: (1) Title is usually highly correlated
with the document content. For example, on Zhihu, a
large Chinese question answering platform, there is a
correlation between the question, the question
description and the question label. (2) The length of the

document is variable, and there is noise and redundancy.
Researchers focus on how to obtain sequence features
and learn text category feature weights, and various
models have been proposed as the research deepens.
Convolutional neural network is used to extract local
text information, and recurrent neural network is used
to model sequence information. In recent years, as
attention mechanisms have been proposed, researchers
have combined CNN, LSTM and attention mechanisms
to propose various text classification models. Inspired
by the attention mechanism, we input title information
into the model as a decision variable of the model state,
which is equivalent to introducing external supervision
information to the model. We hope that the model with
title semantic information can learn word weights more
accurately to improve the effect of the model.

Through the above analysis, although text
classification technology has made progress, there are
still various challenges that need to be further studied
and resolved. How to learn the features of document is
the key to solving the problem. For title semantic
information, we use LSTM to process the text sequence
to obtain title semantic information vector. Then the title
information vector is added to the improved LSTM
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network (TS-LSTM) as the decision information of the
model state, the document content is modeled by the TS-
LSTM to obtain the vector containing the document
content information, and finally the feedforward neural
network is used to map the document vector to the
probability of the category, and the cross entropy is used
as the loss function to train the model. Main
contributions of this paper are as follows:

(1) This paper proposes a text classification method
based on title semantic information, and has
achieved good text classification results.

(2) This article improves the structure of LSTM to get
TS-LSTM.

(3) we propose a model parameter initialization method.

II. RELATED WORK

Early text classification methods were mainly based
on traditional machine learning methods such as SVM,
Navie Bayes. Which is time-consuming and labor-
intensive and has poor transplantation capabilities.

In recent years, deep learning has made great
achievements in the field of NLP. Compared with
traditional machine learning text classification methods,
deep learning models can automatically learn the
weights of document category feature information,
thereby saving the cost of manually designing feature
extraction methods. The input of the deep learning
model is based on word vectors. The idea of word
vector comes from the distributed representation
method proposed by Hinton [2]. The word vector
learning model [3,4] maps words to low-dimensional
vectors which solve the problems of too large vector
dimension, calculation difficulty and mutual
independence of words. After that, the word vector-
based deep learning text classification model continued
to make new progress [5]. In 2014, Kalchbrenner et al.
proposed the DCNN model [6] for sentence modeling.
In the same year, Kim proposed a CNN-based text
classification model [7] This model uses one layer of
convolutional network to extract feature map
information based on Word2Vec. After that, Liu et al.
made improvements on the method proposed by Kim
[8]. Convolution Neural Network (CNN) uses
convolution kernels to learn local text sequence
information, and uses a pooling layer to obtain the most
distinguishable category features. However, CNN relies
too much on the size of the convolution kernel,

resulting in inaccurate text sequence information.
Recurrent Neural Network (RNN) can be used to model
sequence information, but RNN has problems such as
gradient disappearance and long-term dependence when
processing long sequences. Long Short-Term Memory
(LSTM) cleverly solved the problem of RNN by adding
a gating mechanism. Xu et al. [9] added a cache
mechanism to the LSTM network structure to model
documents. Without affecting the accuracy, Cho
simplified the LSTM model and proposed GRU [10].
LSTM has a strong ability to process time series data.
In order to model image sequence information, Shi et al.
proposed convLSTM [11], which integrate convolution
operation and Normalization method. Although models
proposed above can model sequence information, they
cannot use title semantic information.

Attention Mechanism (Attention Mechanism) was
first applied in the field of computer vision [12], and
then widely used in various fields of natural language
processing, and achieved better results than previous
models. The attention mechanism makes the model pay
more attention to distinguishing features by learning the
importance weight of text words. Yin et al. [13]
combined CNN with the attention mechanism, adding
an attention mechanism to the convolutional layer and
pooling layer of CNN to model related dual sentences;
Lin et al. [14] combined LSTM with the attention
mechanism, which is used to model sentences. The
model is divided into two parts. The first part uses
BiLSTM network to process the text sequence. The
second part uses Attention to learn the weights of word
vectors. Finally, the word vectors are weighted and
summed to get the sentence vector; Xiao Lin et al.
Proposed a multi-label text classification model[15]
based on the self-attention mechanism of label
semantics, which integrates text label information into
the text vector to improve the performance of the text
classification model; He et al. [16] incorporate
grammatical information into the attention mechanism,
Combined with LSTM, which is used to predict the
emotional polarity of a specific aspect. In addition, the
researchers proposed Transformer [17] model based on
self-attention network, GPT [18] based on Transformer,
and Bert [19] model based on Transformer to extract
text information. These models have achieved good
classification results in tasks such as text classification
and sentiment analysis, but the Bert model relies on a
large number of data sets, and the attention mechanism
cannot completely replace the recurrent neural network
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in the extraction of sequence information. Based on the
above-mentioned model and existing problems, a text
classification method based on title semantic
information is proposed. In this model, title semantic
information is used to obtain accurate text representation
and improve the classification effect of the model.

III. METHODOLOGY

Dataset consist of N documents
and titles and labels , Each text

or title ={ }
consist of a set of pre-trained word vector sequences,

， ( ) represent the j-th word of ( ) and
, which and m represent the length

of the text and title, and k represents the dimension of
the word vector. The goal of text classification is to
classify the document into the correct label.

A. Model Structure
Due to the strong correlation between the title and

the document, firstly，we use the LSTM network to
learn the title text vector representation and then input
the title vector into the TS-LSTM which is used to learn
the document vector representation; finally, the
feedforward neural network was used to map the
document vector to category probabilities. The model
structure is shown in Figure 1.

Fig. 1 the review of our model with title and document
as inputs and predicted score as outputs

B. Title Vector Representation
We use LSTM to model the topic sequence

information. Traditional Recurrent Neural Network
(RNN) has problems such as inability to obtain long-
distance dependence information and gradient
disappearance. LSTM (Long Short-Term Memory)
solves the problem of long-distance dependence and
gradient dispersion by introducing a gating mechanism.

For a given title text ={ }, the state of
the LSTM network at time T is as formula (1):

Where and represent sigmoid and tanh
activation functions, represents the input word vector
of LSTM at time T; represents the output of the
network at time T; represents the state of the LSTM
at time T; 、 、 represents the forget gate, input
gate, and output gate; 、 、 etc. represent
model parameters. Use formula (1) to model the title
text to get the title vector Q:

；

C. Document Vector Representation
The document has a high degree of relevance to the

title, and the title can be regarded as a collection of
important information in the document. Based on this
idea, we have improved the LSTM model. We call the
improved LSTM model TS-LSTM. The title semantic
information vector Q is used as the input of TS-LSTM,
and the model structure is shown in Figure 2.

Fig. 2 the structure of TS-LSTM

For a given document sequence ,
the state of the TS-LSTM network at time T is as
formula (3):
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Use formula (3) to model the title text to get the title
vector :

Input the text vector V calculated according to formula
(4) into the two-layer feedforward neural network to
obtain the predicted label :

In order to learn the model parameters, we use cross
entropy as the loss function as formula (6):

IV. IMPLEMENTATION

A. Datasets
This article uses the following three commonly used

standard text classification datasets with the "title"
attribute: DBpedia, Amazon Reviews and Yahoo:

(1) DBpedia: This dataset is a commonly used
dataset for text classification tasks, including 14
categories, each with 40,000 training data and
5,000 test data. In this experiment, two
categories of plants and movies are selected.

(2) Amazon Reviews: This data set is provided by
Amazon and includes two categories, negative
and positive. Each category has 1.8 million
training data and 200 thousand test data.

(3) Yahoo: This dataset contains 10 categories; each
category has 140,000 training sets and 6000 test
sets. Two categories of education and sports are
selected in this experiment.

The data information used in the experiment is shown in
Table 1.

B. Model Setting
In this experiment, the vocabulary size is set to

80,000; the text length is set to 600; the word is mapped
to a word vector with a dimension of 100 using the
Glove pre-training document; the entire model is trained
using the Adam [20] algorithm, and the learning rate is
set to 0.002; elu is used as the activation function. The
model uses the Dropout [21] algorithm and L2
regularization algorithm during training to prevent the
model from overfitting. The dropout layer parameter is
set to 0.5, and the regularization coefficient is set to
0.0001. Other algorithms reproduce according to the
original paper without introducing additional knowledge.

C. Evaluation
We choose Accuracy and F1 Score as the evaluation

index for performance comparison, and Accuracy is the
evaluation index for global consideration, but it is
relatively rough. F1 Score takes into account both recall
and precision. It is defined as follows:

(7)

(8)

In order to verify the effectiveness of the text
classification algorithm proposed in this article, we
have

selected Attention-CNN, Attention-LSTM, and
BERT, three advanced text classification methods
proposed in recent years as the comparison algorithm.

Attention-CNN [13]: This algorithm uses the
attention mechanism to generate an attention network
for the convolutional layer to model two related
sentences. It is a representative algorithm combining
Attention and CNN network.
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Attention-LSTM [14]: The algorithm is divided into
two steps. First, use a left-right recurrent network to
obtain the text vector, and then use the attention
mechanism to learn the weight of the word vector to
obtain the text representation vector.

BERT [19]: This algorithm uses left-right
Transformer as the information extractor. The powerful
information extraction ability of Transformer is the key
to the algorithm to achieve the best text classification
state.

D. Model initialization method
The process of document vector representation

learning can be regarded as the process of extracting
important information from the text. The learned text
vector should be close to the title vector. Based on this
idea, this paper proposes a new model parameter
initialization method. According to formula (1), the
vector is obtained by modeling the topic and the
text. The formula is as follows:

(9)

(10)

Among them we use the cosine similarity
method to measure the similarity of Such as
formula (11)：

（11）

Cosine similarity∈[-1,1], we expect the similarity of the
vectors to be as large as possible, so we
construct the loss function , as in formula (12)：

（12）

V. RESULTS

The results of the TS-LSTM algorithm proposed in
this paper and other comparison algorithms on the three
data sets are shown in Tables 2 and 3.

TABLE II. RESULTS OF EVALUATION METRICS F1 SCORE ON
FOUR ALGORITHMS

Algorithm\Datasets DBpedia Amazon Yahoo
Attention-CNN 86.23 86.70 85.63
Attention-LSTM 85.73 86.43 85.45
BERT 85.28 87.10 86.02
ST-LSTM 88.56 87.26 89.13

TABLE III. RESULTS OF EVALUATION METRICS ACCURACY ON
FOUR ALGORITHMS

Algorithm\Datasets DBpedia Amazon Yahoo
Attention-CNN 89.43 89.06 88.77
Attention-LSTM 88.67 87.56 88.12
BERT 87.02 91.82 88.70
ST-LSTM 90.11 90.95 91.02

The best results in the above table are marked in
bold. From the results shown in the table, it can be seen
that the TS-LSTM algorithm proposed in this article
performs significantly better than other algorithms on
the Amazon, DBpedia, and Yahoo data sets. The reason
is that the title information is introduced into TS-LSTM.
Self-Attention mechanism is introduced into Attention-
LSTM and BERT which requires a lot of training data
and powerful learning algorithms to learn patterns. The
Attention-CNN algorithm uses title information to learn
document word weights, so it performs better than
Attention-LSTM. The data shows that the BERT
algorithm performs slightly lower than other algorithms
on DBpedia and Yahoo, but performs better on the
Amazon dataset. The reason is that the Amazon data set
is much larger than other datasets, and the Self-
Attention mechanism performs better on large
datasets.
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Fig. 3 the influence of model parameter initial method

In order to verify the effectiveness of the model
initialization method proposed in this paper, we use the
accuracy rate as the evaluation standard on the
experimental dataset to compare the influence of the
model parameter initialization method on the model.
Figure 3 shows the experimental results of the model on
the DBpedia, Amazon, and Yahoo data sets.

VI. CONCLUSION AND FUTURE WORK

We propose a TS-LSTM text classification model
based on title semantic information. LSTM is used to
learn the title information representation, TS-LSTM is
used to learn the document representation. feedforward
neural network is used to map the document vector to
category probability, and classify the document into the
category with the highest probability. In addition, this
paper proposes a model parameter initialization method.
The experimental results show that the text classification
method based on title information proposed in this paper
can effectively deal with text classification problems.

In the future work, we will study in how to use the
Attention mechanism to speed up LSTM processing
sequence data on the basis of the research in this article.
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