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We propose a sentiment analysis model based on Bi-DLSTM to solve the problem of sentiment analysis of Beijing Opera lyrics. A
Bi-LSTM network with dilated recurrent skip connections (Bi-DLSTM) is introduced in this model, which can improve the ability
to exact long-sequence information. The proposed model can learn the dependence of long sequences in different time dimensions
and effectively improve the semantic extraction performance of lyrics. The attention mechanism is introduced to ensure the
recognition of the more important words in the text sequence, which further improves the performance of the network. In
order to solve the problem of lack of data on lyric sentiment analysis on the Internet, we build a dataset that can be used for
lyric sentiment analysis. This paper completes multiple experiments on four datasets and verifies the effectiveness of the
proposed model.

1. Introduction

Beijing Opera has a profound cultural heritage and literary
value. Using artificial intelligence to analyze the emotions
of Beijing Opera is helpful for its inheritance and develop-
ment. With the development and improvement of Internet
music software, various diversified services have been intro-
duced, and intelligent song search and recommendation sys-
tems have gradually emerged. The emotional analysis of
lyrics is the key technology to realize this function. Studies
have shown that [1–3] lyrics are an important feature in
the emotional classification of songs. When analyzing the
emotional content of Beijing Opera, it is extremely valuable
to consider the emotional attributes of the lyrics. At the same
time, the field of natural language processing has developed
rapidly, and neural networks have been widely used. Text
sentiment analysis has been an important field in natural
language processing, and the technology of text sentiment
analysis has been very mature.

Lyric as a special form of text representation has more
lyrical and artistic expressions and more complex semantics
than ordinary written texts, such as lyrics: “叹只叹东风起

火烧战船” and “何处悲声破寂寥.” Therefore, sentiment
analysis of the lyrics is more difficult. At present, the current
work on sentiment analysis of lyrics is relatively scarce.
When the ordinary text sentiment analysis method is used
to deal with the lyrics with artistic expression, the extraction
of sentiment semantics and deep features in the lyrics will be
insufficient, which will affect the accuracy of lyric sentiment
classification. Therefore, it is the key to excavate the emo-
tional semantic information in lyrics accurately.

In this paper, we propose a sentiment analysis model
based on Bi-DLSTM network, aiming at the problem that
the traditional LSTM architecture will have a certain devia-
tion when processing long-sequence information, because
it can only capture semantics in one direction. We designed
a Bi-DLSTM network composed of two layers of Dilated
LSTM [4] network stack. The two layers have the same
structure and opposite directions, which can capture bidirec-
tional semantics. This variant LSTM network structure can
not only realize parallel computing when the information
transmission span becomes larger, but also can interpret
and extract sequence information from a context perspec-
tive, which is more conducive to the retention of long-
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sequence information. In the model, the Bi-LSTM network
and the Bi-DLSTM network are combined to extract infor-
mation in different time dimensions to achieve deep mining
of textual semantic information and emotional representa-
tion. The Bi-DLSTM network alleviates the problem of
long-sequence learning, but it cannot identify the more
important words in the text sequence. Therefore, the model
introduces an attention mechanism to further improve the
performance of the network.

2. Related Work

Sentiment analysis based on texts in specific fields such as
lyrics belongs to the category of text sentiment analysis
and is common research in natural language processing. At
present, deep learning methods can simulate human brain
thinking analysis methods obtaining data feature representa-
tions through automatic learning and encode the semantic
and grammatical attributes of text to provide relatively accu-
rate text representation information.

In the early research on natural language processing, the
bag-of-words representation model (BOW) is one of the
most common text representation models. Later, with the
rise of neural networks, the concept of word embedding
was proposed to solve the problem of dimensional disaster.
The initial word embedding method was not mature and
was not applied on a large scale. Bengio et al. [5] first pro-
posed the NNLM language model using neural networks,
which can be trained to obtain a low-dimensional dense word
vector representation. Mikolov et al. [6] proposed a new
word embedding method Word2Vec, which simplifies the
structure of the NNLM model, and the pretrained word
vector can effectively represent the text. Later, in order
to solve the shortcoming that the model usually ignores
the order of words in the text, researchers introduced
sequence representation models, such as recurrent neural
network (RNN) [7–9] and convolutional neural network
(CNN) [10, 11]. With the development of the field of nat-
ural language processing and the change of various new
technologies, many novel sentiment analysis models have
emerged, such as structure-enhanced LSTM [12, 13] and
the combination of RNN and CNN models [14]. Attention
mechanism is a novel and effective technique, which has
been widely used in natural language processing in recent
years. It has shown advantages in many fields such as doc-
ument classification [15], sentiment classification [16], and
sentence representation [17].

At present, a large number of music-based researches
have shown that it is necessary to conduct in-depth research
on lyrics when analyzing and categorizing music. In most
song classification tasks, the performance of music classifiers
incorporating text features is better than pure audio classi-
fiers [18, 19]. Lyrics are usually easier to obtain and process
than audio data. For nonprofessional musicians, when inter-
acting with the music system, they tend to pay more attention
to the lyrics than audio information [20]. Kim and Kwon [21]
proposed a feature selection method based on syntactic anal-
ysis, using four syntactic analysis rules to extract emotional
features from lyrics for emotional classification of lyrics.

Mihalcea and Strapparava [22] used music and lyrics to
characterize songs and completed the classification of song
emotions. Fell and Sporleder [23] proposed a lyrics analysis
method that combines n-gram model and complex features
to model lyrics text from different dimensions and achieved
performance improvements in three different classification
tasks. Rachman et al. [24] combined lyrics and audio fea-
tures, using two emotional models, classification model,
and dimensional model, to complete the emotional classifi-
cation of songs.

3. Learning Model

3.1. Embedding Layer. In the first stage of the model, an
embedding layer is applied to encode the lyrics text and
emotional tags to obtain their unified representation. The
word vector tool selected is Word2Vec. Before inputting
the word vector, it is necessary to train the model based on
the corpus. The lyrics of 1500 Beijing Opera songs collected
on the Internet are selected as the corpus for training for the
model. Previous studies [25, 26] showed that the highest per-
formance of the model can be achieved when the dimension-
ality of the word vector is set in 100 dimensions. In the 100
dimension, it has good convergence, and the loss value is the
smallest, so 100-dimensional word vector is selected for
training of Beijing Opera lyrics. The trained lyrics vector is
input into the Bi-LSTM network in the form of sequence
w = ½x1, x2,⋯, xn� to learn the semantic and syntactic infor-
mation of the lyrics.

After the training is completed, the word vector library
can realize the functions of printing the corresponding word
vector, comparing the semantic similarity, and adding and
subtracting the word vector. For example, if the input word
is “离开,” the system can output its corresponding sequence
of synonyms. The top three are “离去,” “别离,” and “消失,”
and their similarity scores are “0.846201,” “0.759595,” and
“0.697776.” The structure of the sentiment analysis model
based on the Bi-DLSTM network is shown in Figure 1.

3.2. Semantic Extraction Layer. The semantic extraction
layer uses the Bi-LSTM network because it is suitable for
language and time series data [27]. The LSTM network maps
the input x to the output y by learning the hidden represen-
tation ht ; the formula is as follows:

y = f ht−1, xtð Þ: ð1Þ

t represents different moments. The loss function needs
to be minimized during training. The formula is as follows:

L x, yð Þ = −
1
N

〠
n∈N

 xn log yn: ð2Þ

The LSTM network manages its weight updates through
gate structures, which determine the amount of information
that should be retained and forgotten at each moment. The
gate structure contains three kinds of “gates”: “input gate”
it , “forgotten gate” f t , and “output gate” ot . The “input gate”
determines how much new information is added at each
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moment to update the current cell state; the “forgotten gate”
determines not to keep irrelevant information, and the “out-
put gate” determines the output and the value of the next
hidden state. The calculation process is as follows:

it = σ Wxixt +Whiht−1 +Wcict−1 + bið Þ,
f t = σ Wxf xt +Whf ht−1 +Wcf ct−1 + bf

� �
,

ct = f tct−1 + it tan h Wxcxt +Whcht−1 + bcð Þ,
ot = σ Wxoxt +Whoht−1 +Wcoct−1 + boð Þ,
ht = ot tan h ctð Þ:

ð3Þ

σ is the sigmoid function, ct is the unit state, W is the
weight matrix, b is the bias term, and ht is the hidden state.
Then Bi-LSTM is used to obtain information from both
directions of each word to capture contextual information.
It combines forward and backward hiding states. Forward

hiding states ht
 

reading every word in the lyrics from wi1
to wiT , and backward hiding states ht

!
reading words in

the lyrics from wiT to wi1. The formula is as follows:

xit =Wewit, t ∈ 1, T½ �,
ht
 =LSTM ���

xitð Þ, t ∈ 1, T½ �,
ht
!=LSTM���!

xitð Þ, t ∈ 1, T½ �:
ð4Þ

Each lyric t contains wi words, where wi, i ∈ ½0, T� repre-
sents the ith word in the librettos and xit represents the
word vector matrix in the embedding.

Finally, all the outputs of the forward hidden state and
the backward hidden state are connected to obtain the final
output o, which contains the contextual semantic informa-
tion in the librettos, then input o into the Bi-DLSTM
network.

3.3. Bi-DLSTM Layer. This layer of network consists of two
layers of Dilated LSTM network stacks with opposite infor-
mation transfer directions, and the dilation of each layer of
network is set to 2, in order to achieve the effect of focusing
on the extraction of sequence information in different time
dimensions with the previous Bi-LSTM network layer. The
most important part of the architecture is the dilated recur-
rent skip connection in the LSTM cell. The formula is as
follows:

c lð Þ
t = LSTM ot , c

lð Þ
t−2

� �
: ð5Þ

cðlÞt represents the cell state of the lth layer at time t, and
ot is the input at time t in the LSTM layer. The calculation
process of the Bi-DLSTM network layer is as follows:

ht
 =DLSTM ht−1

 �, st
� �

,

ht
!=DLSTM ht+1

�!, st
� �

,

ht = ht
 , ht
!h i

:

ð6Þ

st represents the state of the input at time t, ht
 

represents

the forward hidden state, and ht
!

represents the backward
hidden state. We obtain the semantic information of a given
word by connecting the forward and backward hidden state.
Finally, the final semantic layer hidden representation ht is
fed into the attention layer.

Compared with the traditional Bi-LSTM network, the
Bi-DLSTM network layer proposed in this section has two
advantages over the traditional Bi-LSTM network on the
problem of long sequences: (1) it can focus on the extraction
of sequence information in different dilated dimensions; (2)
it reduces the path length of information transmission in the
network and enables the network model to learn complex
long-term dependencies. By combining the Bi-LSTM layer
and the Bi-DLSTM layer, the model can learn the text
sequence in two dilated dimensions, and extract the deep
semantic information and emotional representation of the
librettos text.

3.4. Attention Layer. The Bi-DLSTM layer solves the prob-
lem of long-sequence learning and performs more in-depth
semantic feature extraction, but not every word or word in
the lyrics sequence has the same importance and weight.
Therefore, the model introduces an attention mechanism
to expand this network.

The attention layer of this chapter is inspired by [14],
through the attention network to find the most important
words for the meaning of the lyrics. Therefore, an attention
mechanism is introduced to extract words that are impor-
tant to the meaning of a sentence, and the representations
of these informative words are aggregated to form a sentence
vector. Using the output of the Bi-DLSTM network as the
input of the attention layer, the calculation formula is as fol-
lows:

utw = tan h Wwht + bwð Þ,

αtw = exp uTtwuw
� �

∑t exp uTtwuw
� � ,

Lt =〠
i

  αtwhtð Þ:

ð7Þ

ht represents the corresponding word annotation repre-
sentation output by the Bi-DLSTM layer, Ww and bw repre-
sent paranoid parameters, utw is the corresponding hidden
representation obtained through word annotations ht using
a layer of MLP network and then calculates an importance
weight αtw by calculating the similarity between the hidden
representation utw and the word-level context vector uw,
which can measure the importance of the word in the docu-
ment, and Lt represents the corresponding lyrics vector.
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Then, the output of the attention layer obtained is calcu-
lated by the softmax function, and the classification result is
obtained, and the formula is as follows:

P = sof tmax WtLt + btð Þ: ð8Þ

Wt and bt represent sof tmax layer parameters. Finally,
use the negative log likelihood of the correct label as the
training loss:

Loss = −〠
L

 log pLy: ð9Þ

y is the emotion label of the corresponding lyric docu-
ment L.

4. Self-Built Data

At present, the open-source datasets for lyrics sentiment
analysis on the Internet are relatively scarce and of low qual-
ity. We combined the working mechanism of the sentiment
analysis model based on deep learning and the hardware
experimental environment to construct a database that can
be used for sentiment analysis of Beijing Opera lyrics.

In text sentiment analysis, the distinction between senti-
ment categories is usually more obvious. For example, based
on the six basic emotions of Ekman [59], each sentiment
category contains independent emotional attributes and does
not contain dependencies. In this paper, it is not feasible to
divide the lyrics into six basic emotions, because although
the lyrics contain rich emotions, the types of emotions
expressed are more concentrated, such as happiness, praise,
love, sadness, and melancholy, while the emotions in lyrics
such as fear, disgust, and anger are rare and not easy to define
the classification. At the same time, each emotion has a
different degree of expression in different lyrics, and there
are different emotions. If the data is classified according to
the six basic emotions, there will be great differences in the
quantity and quality of the data between each category, and
the difficulty of data sorting is also a big challenge. Therefore,
for the creation of the dataset for lyrics sentiment analysis, we
chose to build on the basis of two major emotional categories,
positive and negative.

The original data of the lyrics comes from the lyrics of
more than 1500 Beijing Opera songs of different styles on
the Internet. Based on these lyrics, through the steps of
sentence segmentation, emotional subjective analysis, and
tagging, a dataset that can be used for lyrics emotional polar-
ity analysis is created. Lyrics are divided into two major

Lyric
representation

W1 W2 W3 W4 W5 Wn

Bi-LSTM layer

Bi-DLSTM layer

Global vector ...

...

...

...

...

Attention
layer

Softmax

Figure 1: Model structure.

4 Wireless Communications and Mobile Computing



emotional categories, positive and negative, and each degree
of emotional category includes about 3500 lyrics; the num-
ber of words in each lyrics ranges from 7 to 20, and the aver-
age number of words is about 10.

5. Experiments

5.1. Comparative Data. We will use the self-built lyrics data-
set and three Chinese pop songs based on datasets for com-
parative experiments, and the three Chinese pop songs
based on datasets are divided into seven categories of emo-
tions, including happiness, like, anger, sadness, fear, disgust,
and surprise. There are some obvious expression differences
between the lyrics of Beijing Opera and Chinese pop songs.
For example, in Beijing Opera, “Happy” is expressed more
frequently with the word “欢喜,” but in Chinese pop songs,
it is expressed more frequently with the word “快乐.” We
have already paid attention to that when collecting the data.
We will use 80% of the data for training and the remaining
20% for testing.

5.1.1. The Chinese Pop Song Lyrics Dataset One. The Chinese
pop song lyrics dataset one sentiment dataset contains 14000
Chinese pop songs lyrics with sentiment annotations and is
based on seven emotions.

5.1.2. The Chinese Pop Song Lyrics Dataset Two. The Chinese
pop song lyrics dataset two sentiment dataset contains close
to 20,000 Chinese pop songs lyrics with sentiment annota-
tions and is based on seven emotions.

5.1.3. The Chinese Pop Song Lyrics Dataset Three. The Chi-
nese pop song lyrics dataset three contains close to 40,000

Chinese pop songs lyrics with sentiment annotations and is
based on seven emotions.

The reason for collecting three Chinese pop songs lyrics
dataset instead of only one is because Chinese pop songs
have different genres; for instance, some of them are rock
style with a fast rhythm, and some of them are romantic
with a slow rhythm. So the lyrics may vary a lot according
to the difference in the rhythm. Therefore, we built three
datasets to reduce the influence from the different genres.

5.2. Baselines. We use five baseline models and the proposed
model for comparative experiments.

5.2.1. CNN. The semantic extraction layer uses a CNN 2-D
convolutional network with two fully connected layers. The
size of the convolution kernel is 3, 4, and 5; the number of
convolution kernels is 300; the learning rate is 0.001; batch
size is 128; Adam optimizer, dropout is 0.5; and epoch is 30.

5.2.2. CNN-LSTM. The semantic extraction layer uses a net-
work architecture that combines CNN and LSTM. The size
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Figure 2: Classification accuracy of six models in self-built lyrics dataset.

Table 1: Model experiment comparison.

Learning model Precision Recall F1-score

CNN 0.625 0.619 0.628

CNN-LSTM 0.731 0.743 0.741

Bi-LSTM 0.763 0.757 0.759

Bi-LSTM+attention 0.804 0.798 0.810

Bi-DLSTM 0.823 0.833 0.824

Bi-DLSTM+attention 0.854 0.846 0.849
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of the convolution kernel is 3, 4, and 5; the number of
convolution kernels is 300; the learning rate is 0.001; batch
size is 128; Adam optimizer, dropout is 0.5; epoch is 30;
and the number of LSTM hidden units is 128.

5.2.3. Bi-LSTM. The semantic extraction layer uses a Bi-
LSTM network. The learning rate is 0.001, the batch size is
128, Adam optimizer, dropout is 0.5, epoch is 30, and the
number of LSTM hidden units is 128.

5.2.4. Bi-LSTM+Attention. The semantic extraction layer
uses a Bi-LSTM network with attention mechanism. The
learning rate is 0.001, batch size is 128, Adam optimizer,
dropout is 0.5, epoch is 30, and the number of LSTM hidden
units is 128.

5.2.5. Bi-DLSTM. The semantic extraction layer uses a Bi-
DLSTM network. The learning rate is 0.001, batch size is
128, Adam optimizer, dropout is 0.5, epoch is 30, the num-
ber of LSTM hidden units is 128, and the dilation is 2.

5.2.6. Bi-DLSTM+Attention. The semantic extraction layer
uses a Bi-DLSTM network with attention mechanism. The
learning rate is 0.001, batch size is 128, Adam optimizer,
dropout is 0.5, epoch is 30, the number of LSTM hidden
units is 128, and the dilation is 2.

5.3. Sentiment Analysis Experiment. In order to conduct a
better comparison experiment, the texts marked as happy
and favorite emotions in the three Chinese pop songs senti-
ment datasets were selected as positive sentiment categories,
and other sentiments were used as negative sentiment cate-
gories and compared with the self-built lyrics dataset to eval-
uate the performance of the proposed sentiment analysis
model.

5.4. Evaluation Indicator. The experiment uses four basic
sentiment analysis evaluation indicators for evaluation:
accuracy, precision, recall, and F1-score.

6. Results

As shown in Figure 2 and Table 1, the classification result of
models without skip connections and attention mechanism
is low. Among them, the CNN network has the lowest clas-
sification performance of all models, and the network model

combining CNN and LSTM has achieved better classifica-
tion results. It is experimental indicators that are equivalent
to the performance of the two-way LSTM network. It is not
difficult to see from the experimental data that the LSTM
network with expanded jump connections shows better clas-
sification performance in sentiment analysis. After introduc-
ing a bidirectional Dilated LSTM network layer, the Bi-
LSTM and Bi-LSTM+attention models have achieved about
5% improvement in classification accuracy. Similarly, the Bi-
LSTM network has an accuracy increase of about 5% after
the introduction of the attention mechanism, and the Bi-
DLSTM network has an accuracy increase of about 3% after
the introduction of the attention mechanism.

Among the accuracy, recall, and F1-score trained in the
self-built lyrics dataset, the model proposed in this paper is
also better than the other five comparison models. After
the Bi-LSTM network introduces the two-way Dilated LSTM
network layer, the three evaluation indicators are increased
by 6%, 7.7%, and 6.5%, respectively. After the Bi-LSTM
+attention network introduces the bidirectional Dilated
LSTM network layer, the three evaluation indicators are
increased by 5%, 4.8%, and 3.9%, respectively. At the same
time, the Bi-LSTM network and the Bi-DLSTM network
with the introduction of the attention mechanism have
improved in all evaluation indicators. It fully shows that
the Bi-DLSTM+attention network can improve the perfor-
mance of long-sequence information extraction and senti-
ment analysis.

From Figure 3, we can tell that Bi-DLSTM+att has a
better performance on all four datasets compared with
all other models. On average, the results on Beijing Opera
lyrics dataset are not as good as the outcome on the other
three Chinese pop song lyrics dataset. One reason we sug-
gest is that the context for Beijing Opera lyrics is different
from Chinese pop song lyrics, and the other reason is that
the sentence of Beijing Opera is shorter which may lead to
less accuracy.

7. Conclusion

In this paper, we proposed a sentiment analysis model based
on Bi-DLSTM network to solve the problem of semantic
extraction and sentiment classification of long-sequence
Beijing Opera lyrics, and construct a lyrics dataset suitable

50
CNN CNN-LSTM Bi-LSTM Bi-LSTM + att Bi-DLSTM Bi-DLSTM + att

60

70

80

90

Beijing opera lyrics dataset Chinese pop song lyrics dataset one

Chinese pop song lyrics dataset two Chinese pop song lyrics dataset three

Figure 3: Comparison of classification accuracy in self-built lyrics dataset and Chinese pop song lyrics dataset.
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for lyrics sentiment analysis tasks. In order to explore the
sentiment analysis performance of the model in this chapter,
a coarse-grained sentiment analysis experiment was carried
out on four datasets including self-built lyrics datasets, and
the evaluation indicators obtained by training are better than
the other five baseline methods. It reflects the excellent per-
formance of this model in semantic extraction and sentiment
analysis of long-sequence texts.

Data Availability

The self-built dataset is collected from the website below:
https://www.xikao.com/. The three comparative dataset
(NLPCC2013/NLPCC2014/Chinese Pop Songs Emotion
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.mulanci.org/.
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