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Abstract 
Generally, sequential data refers to data having continuity. Text data, which is a representative type of 

unstructured data, is also sequential data in that it is necessary to know the meaning of the preceding word in 
order to know the meaning of the following word or context. So far, many techniques for analyzing sequential 
data such as text data have been proposed. In this paper, four methods of 1d-CNN, LSTM, BiLSTM, and C-
LSTM are introduced, focusing on neural network techniques. In addition, by using this, IMDb movie review 
data was classified into two classes to compare the performance of the techniques in terms of accuracy and 
analysis time. 
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1. INTRODUCTION  

The introduction of neural networks in the field of machine learning has led to the development of deep 
learning. Deep learning utilizes large amounts of data and advanced technologies to implement prediction 
algorithms based on deep neural networks. In this paper, we will look at four neural network techniques for 
analyzing sequential data. Generally, sequential data refers to data having continuity. Text data, which is a 
representative type of unstructured data, is a sequential data in that it is necessary to know the meaning of the 
preceding word in order to know the meaning of the following word or context.  

A neural network technique designed for sequential data analysis in deep neural networks is the well-known 
recurrent neural network (RNN). RNN has the same structure as an associative memory whose output is 
returned to store the state of the hidden layer. However, RNN is a structure that learns data information from 
a distant past, and in this process, a vanishing gradient problem occurs in which the gradient of the loss function 
decreases exponentially due to the repeated multiplication. The long short-term memory (LSTM) solves this 
slope loss problem to some extent. However, due to the complex internal shape of LSTM, it has the 
disadvantage that it is time and cost consuming in large data.  

For short sequence data, a convolutional neural network (CNN) may be used. CNN is widely used because 
it can handle data in multi-dimensional arrays, such as image and speech recognition fields. However, CNN 
does not have a memory cell like RNN and analyzes the local characteristics extracted by the filter, so it is not 
suitable for long text analysis because it cannot learn information in the far past. However, in the case of short 
sequence data, since the characteristics of the extracted local data are similar to those of the global data, the 
performance of the 1d CNN is not that bad. 
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To compensate for these shortcomings of RNN and CNN, the convolutional recurrent neural network 
(CRNN) technique was introduced. This is a model of the combined form of CNN and RNN. It extracts and 
compresses the features of a sequence and analyzes the data by a circulating neural network. Therefore, using 
CRNN is expected to be effective in reducing time and cost, which is a disadvantage of LSTM. CRNN is also 
used in fields such as image data analysis, but can be applied to data such as short text. In this neural network 
technique, a model that stacks LSTM layers instead of RNN layers is called convolutional long short-term 
memory (C-LSTM). 

In this paper, we classify short sequence text data such as users' service reviews into two groups using four 
techniques of CNN, LSTM, Bidirectional LSTM, and C-LSTM, and then compare the performance of each 
model in terms of accuracy and time required. 
 
2. NEURAL NETWORK TECHNIQUES 

If the analysis is carried out by general fully-connected neural networks (FNN), it is possible to simply 
increase the accuracy by training. However, it is not appropriate in the meaning of 'sequence data analysis' 
because the embedded data does not have the characteristics of the same word in the cell at the same location. 
A trained FNN may have high accuracy in training data, but if applied to other data later, the result may be 
very bad for reasons of overfitting. Therefore, it is necessary to use a model that can consider sequences. 
Analysis models that can consider sequences include 1-dimensional CNN, RNN, and LSTM. 

 
2.1 1-dimensional convolutional neural network 
 
Convolutional neural network uses convolution in neural networks instead of normal matrix multiplication. 

A convolution is a product of two functions, expressed as follows. 
 () = ( ∗ )() = ∫ ()( − ) , () = ( ∗ ) =  ()( − )  

 

CNN, like other neural networks, consists of several hidden layers between the input and output layers. This 
hidden layer consists of a convolutional layer and a pooling layer. Padding is performed for the purpose of 
adjusting the output size before performing the convolution. After that, the convolution layer processes the 
operation. This operation is applied by the filter moving the input feature map at regular intervals according to 
the stride, and the result appears as an output feature map. In the pooling layer, an operation is performed to 
reduce the space of the feature map past the convolutional layer. There are max pooling and average pooling, 
and the maximum or average value is extracted from the target area. 
 

 

Figure 1. 1d convolutional neural network with a filter size of 5. 
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Because of the fact that three-dimensional data flows between layers, CNNs are generally known to be 
optimized for handling two-dimensional or more data, unlike fully connected neural networks. However, in 
the case of 1d CNN, the text data of a short sequence can be calculated with the idea as shown in Figure 1. In 
this case, it is possible to extract global features of the sequence by using maximum pooling ([1]). In addition, 
it is known that CNN can be used in a sequence base model by [2] and [3]. 

 
2.2 Long short-term memory 
 
A typical neural network such as CNN is a feedforward neural network with input and output layers flowing 

in one direction, while the recurrent neural network (RNN) takes input and produces an output, and receives 
this output as input. Since the output of the cyclic neural network in the time step is a function that shares the 
parameters for all inputs of the previous time, RNN has a so-called 'memory device'. A component of the 
neural network that preserves the state of data over this time is called a memory cell. In RNN, the recurrent 
weight is repeatedly multiplied in the iterative learning process, resulting in a vanishing gradient problem 
where the slope of the loss function decreases exponentially. The neural network using long short-term 
memory (LSTM) by [4] was designed to solve this problem. The key to LSTM is that the cell state exists 
independently of the hidden layer. LSTM adds or deletes information to the cell state using a sigmoid neural 
network layer and a gate composed of element-by-element multiplication. This gate structure can prevent the 
vanishing gradient problem in RNN. In the gate structure of LSTM, since the feedback of the unit is calculated 
by the addition, not the multiplication, there is no vanishing gradient problem caused by multiplying the 
weights. The schematic of LSTM neurons is shown in Figure 2. 

 
 

 
Figure 2. The schematic of LSTM neurons 

 
2.3 Bidirectional long short-term memory 
 
Bidirectional long short-term memory (BiLSTM) is a variant of the general LSTM. It is designed in that it 

is possible to expect better performance if it is possible to store and utilize not only previous information but 
also later information in sequence data. Therefore, in the BiLSTM hidden layer, a hidden layer having forward 
state information and a hidden layer having backward state information exist independently. Forward 
calculation is the same as general LSTM. However, it differs from the general LSTM in that the input value of 
the forward hidden layer is placed in the opposite direction from the reverse hidden layer, and the value of the 
output layer is calculated after all inputs are applied to the hidden layer in both directions. 

If the calculation is made considering only the backward hidden layer, the accuracy is significantly reduced. 
However, if the forward layer and the ensemble form are considered, the entire data sequence can be learned 
and the data trend can also be considered by the reverse hidden layer. Then, the accuracy is higher than that of 
LSTM. However, since BiLSTM requires calculating the hidden layers in the forward and reverse directions 
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in one layer, it takes more time and cost because it has more parameters than the general LSTM. 
 
2.4 Convolutional long short-term memory 
 
Convolutional recurrent neural network (CRNN) is not a new algorithm, it is a so-called 'stacked' form that 

simply goes through a recurrent neural network after a convolutional neural network. In the case of CRNN, it 
is mainly used to solve computer vision problems such as image caption because the first hidden layer is 
calculated by convolution ([5]). In addition, it has been studied that CRNN's sequence-based model can be 
used in natural language processing such as text ([6]). 

CRNN extracts the successive features of the text into a convolutional layer, then considers the result as 
input data having a sequence and calculates the output value through a recurrent neural network. If the data 
have large sequence and there is a time and cost burden of using a convolutional neural network, this technique 
may be an alternative. 

In this paper, we use convolution long short-term memory (C-LSTM) stacked with LSTM layer after 
convolution layer. The general schematic of C-LSTM is shown in Figure 3. In a study by [7], which proposed 
C-LSTM, an analysis of stacking the LSTM layer without pooling was conducted after the convolution layer. 
However, since the extraction of features by pooling will be more effective in saving time, this paper will 
report the results with pooling. 

 

 
Figure 3. The schematic of C-LSTM with pooling 

 

3. COMPARISON VIA IMDB DATA 
We want to compare the results after analyzing short sequences of text data with each of the four algorithms. 

The data to be analyzed is IMDb's movie review data. Based on the star rating, IMDb movie reviews divided 
by 0 to 3 points negative and 7 to 10 points positive are classified into two classes of negative or positive by 
each algorithm. The dropout performed in the analysis is a simple idea to prevent overfitting, and is performed 
on the assumption that the neurons in each layer follow the Bernoulli distribution with probability p. That is, 
the neurons are randomly removed and analysis is performed. Through this analysis, we are going to find out 
whether the analysis time under LSTM and BiLSTM under the same environment takes much time as in theory, 
and whether C-LSTM effectively saves analysis time. The analysis used keras as a tensorflow backend in 
Python, and NVIDIA GTX 1050 gpu. 

The analysis results can be confirmed by two measurements. The first is the accuracy of calculating the 
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correct classification rate, and the second is the loss of classification. In this paper, we will describe the results 
focusing on accuracy. To compare the performance of the algorithms, the data were divided into 25,000, 15,000, 
and 10,000 training, validation and test groups, respectively. The average number of words in the review is 
224.05, and the standard deviation is 164.14. Therefore, in one review, the sequence was considered up to 300 
words only. To this end, reviews with less than 300 words are padded with elements of each vector to 0, and 
reviews with more than 300 words are automatically truncated. 

Since the main purpose is to analyze text data, it is necessary to embed a sequence before stacking layers. 
Although pre-trained embedding was considered, the accuracy of the validation data was low, so learning was 
conducted using a keras embedding layer fitted to the data. Using the embedding layer of keras, it can be 
considered as data tailoring because it learns in the same way as other neural network layers to reduce the loss 
function for each data. Therefore, the accuracy is better than the pre-learning embedding. IMDb data is 
predominantly related to words in a specific field rather than commonly used words. Therefore, it was judged 
that keras embedding, which is continuously learned and modified rather than pre-trained embedding, is 
suitable. The embedding dimension was considered to be 100, and the number of least frequently considered 
words for embedding was 5000.  

For the comparison of the four algorithms, the same number of layers were physically stacked. C-LSTM 
needs to have at least two layers because it has to go through the RNN layer after the CNN layer. Therefore, 2 
layers were considered for 1d-CNN, LSTM, BiLSTM, and C-LSTM. The input node of each neural network 
layer was considered as 128, and the dropout probability was set to 0.5 to prevent overfitting. In the CNN layer, 
the size of the kernel was set to 5, and the rectified linear unit (ReLU) was used as the activation function. In 
the case of passing the pooling layer after the CNN layer, max pooling of size 3 of the kernel was performed. 
The class to be output is 0 for negative and 1 for positive. Therefore, sigmoid was used as the activation 
function of the output layer. The model optimizer used RMSprop, binary crossentropy as a loss function, and 
conducted 15 epoch trainings. 

 
3.1 1-dimensional convolutional neural network  
 
The total number of parameters of the 1d-CNN is 646,350 and the graph of the results of 15 epochs of the 

1d-CNN model is shown in Figure 4, and the required time is 122.03 seconds. 
 

 

 

Figure 4. Accuracy and loss results of 1d-CNN 
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3.2 Long short-term memory 
 
The total number of parameters of the LSTM is 748,961, the results for the 15 epochs of the LSTM model 

are shown in Figure 5, and the time required is 10,409.41 seconds. Compared to 1d-CNN, it can be seen that 
the number of parameters increases and the analysis takes a long time. 

 
 

 

Figure 5. Accuracy and loss results of LSTM 

 
3.3 Bidirectional long short-term memory 
 
Theoretically, BiLSTM calculates the hidden layers in the forward and reverse directions, so it has two 

hidden layers when passing through one layer. However, in this paper, we are comparing the model in which 
two layers are physically stacked, so in this case, BiLSTM can be said to have four hidden layers. Since both 
hidden layers are considered simultaneously, the shape of the output value when passing through the BiLSTM 
layer is different from the single LSTM model above. Also, it can be seen that the number of parameters is 
significantly higher than other models. Figure 6 shows the results of the 15 epochs of the BiLSTM model. The 
performance is better than the unidirectional LSTM, but the analysis time has doubled. Compared to 1d-CNN, 
in the same environment, the analysis time increased by about 170 times, and the accuracy of validation data 
was 1% p higher. 

 
 

Figure 6. Accuracy and loss results of BiLSTM 
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3.4 Convolutional long short-term memory 
 
In C-LSTM analysis, after extracting features through the max pooling layer after the CNN layer, the LSTM 

layer was inserted. In C-LSTM analysis with pooling, the total number of parameters is 695,841, and the results 
for 15 epochs are graphically shown in Figure 7. 

 

Figure 7. Accuracy and loss results of C-LSTM 

 
It was confirmed that the analysis time was faster than the C-LSTM model without pooling. In addition, 

despite the same dropout rate as other models, fitting on training data is fast, and overfitting is occurring. 
Accordingly, the speed of convergence of the accuracy of the validation data was also fast. Table 1 summarizes 
the analysis results of the IMDb movie review data. The computing time is the time required to repeat 15 
epochs, and the test accuracy represents the accuracy for 10,000 test data. 

 
 

Table 1. Summary of analysis results of IMDb movie review data 

 

 
 

4. DISCUSSION 
In this paper, we introduced four neural network models 1d-CNN, LSTM, BiLSTM, and C-LSTM for 

analyzing sequence data, applied them to real text data analysis, and compared the performance of each model. 
As a result of analyzing a short sequence of text data, the BiLSTM has the highest validation accuracy of 

88.85% in IMDb movie review data. However, execution time is also an important factor when analyzing large 
data. In the case of 1d-CNN, the computing time was definitely short as described in the model, but it showed 
a slightly lower accuracy compared to the other models. Models stacked with LSTM alone and models stacked 
with BiLSTM have high accuracy, but have significantly longer execution time. 

On the other hand, the model to be noted in the analysis of this paper is C-LSTM. C-LSTM showed high 
accuracy over time in binary classification results of small or large data. For large data, the accuracy is less 
than 0.01%p without pooling and 0.31%p with pooling compared to the BiLSTM model with the highest 
accuracy. However, the time required for analysis is only about 1/3 and 1/13, respectively. That is, when 
analyzing the same data in the same environment, the LSTM-based model proved to be time consuming, and 
it was confirmed that the time saving of the C-LSTM was very effective. 

 1d-CNN 
 LSTM BiLSTM C-LSTM 

Computing time (sec) 122.03 10,409.41 20,619.61 615.05 
Validation accuracy 0.8760 0.8877 0.8885 0.8845 

Test accuracy 0.8593 0.8961 0.8892 0.8623 
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Although it is a limited result of data analysis used in this paper, we can guess that the model of C-LSTM 
is useful to analyze sequential data such as text. In particular, the model of C-LSTM with a pooling layer was 
effective in saving time while maintaining accuracy. Therefore, it can be inferred that the larger the size of the 
text data, the more useful it is to use C-LSTM with a pooling layer if both speed and accuracy are considered. 
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