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Abstract

Over the past few decades, natural language processing research has not made much. However, the 
widespread use of deep learning and neural networks attracted attention for the application of neural networks 
in natural language processing. Sentiment analysis is one of the challenges of natural language processing. 
Emotions are things that a person thinks and feels. Therefore, sentiment analysis should be able to analyze the 
person’s attitude, opinions, and inclinations in text or actual text. In the case of emotion analysis, it is a priority 
to simply classify two emotions: positive and negative. In this paper we propose the deep learning based 
sentimental analysis system according to various optimizer that is SGD, ADAM and RMSProp. Through 
experimental result RMSprop optimizer shows the best performance compared to others on IMDB data set. 
Future work is to find more best hyper parameter for sentimental analysis system.
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1. Introduction

Over the past few decades, natural language processing research has not made much progress, and human 

language has been an area that artificial intelligence cannot reach. However, the widespread use of deep 

learning and neural networks in image classification has also attracted attention for the application of neural 

networks in natural language processing. In the late 2000s, LSTM (Long Short-Term Memory) [1] neural 

networks were applied to natural language processing, achieving remarkable results. Sentimental analysis is 

also one of the natural language processing techniques that determine the positive degree of sentences in the 

field of natural language processing, which is attracting attention due to the revival of deep learning. With 

the development of deep learning, natural language processing technology has developed a lot, but it is not 

easy to analyze the sensitivity based on natural language processing. In this paper we propose a deep 

learning-based sentimental analysis system especially focus on selecting the best optimizer. Paper is 

organized as follows. Section 2 briefly explains the RNN (Recurrent Neural Network) model [2]. Section 3 

outlines the LSTM model which overcomes the RNN model mentioned in section 2. Section 4 explains the 

sentimental analysis system. In section 5 represents the experimental results of the proposed system. Finally, 

the analysis of the experimental results and the future research will be described.
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2. Time Series Prediction Model

Typical deep learning models receive a fixed size input vector as input and to produce a fixed form of 

output vector. However, when dealing with sequence, fixed-size input vectors can be problematic. To handle 

sequence data, System must read the data in the order in which it appeared and process it one by one. RNN is 

the deep learning model that makes this possible, and the architecture of the model is illustrated in Fig.1. As 

shown in Fig.1, RNN is a multi-layer neural network structure that receives data divided over time. In the 

case of natural language processing, a sentence can be divided into word or token and it entered into a model. 

In this case, the order of appearance of the word or token represents the order of time.

Figure 1. Architecture of RNN. Source : [2]

2.1 RNN structure and problems

The structure of RNN is as follows. The output of the layer is re-entered and the previous data together 

affects the result. RNN layer simply adds two inputs and apply a tangent function to output value and passes 

it to the next layer. This is formulated as follows.

S� = tanh(S��� + x�)                                (1)

The reasons for using the tangent function as an activation function are as follows: The first is that it 

ensures connection weight does not divergence quickly, and the second is that the derivate of tangent 

function is easily calculated. The output layer uses the sigmoid function as an activation function, and the 

formula is as follows.

O� = sigmoi d(S�)                                 (2)

RNN models are suitable for sequence data and are theoretically known to handle long term dependency 

problems well. However, it is said that is not well applied to natural language Processing. Bengio et al [1] 

experimented deeply and showed that RNN model can’t overcome the long term dependency problem. 

Another problem of RNN is gradient vanishing. This means that if there are many layers in model, the 

derivate value of the loss function converges to zero. As a result, making the model difficult to learn, LSTM 

model has been proposed to solve these problems [2].

2.2 LSTM

As mentioned in section 2, LSTM model is designed to overcome the long-term dependencies. Fig. 2 is a 

detailed internal structure of LSTM. The terms used in Fig. 2 are as follows. h� and h��� are current and 

previous hidden cell state, C� and C��� are current and previous cell state, �� is input at time t, σ and 

tanh are activation function and finally + and X are addition and multiply operation respectively.



102                                              Developing Sentimental Analysis System Based on Various Optimizer

Figure 2. LSTM artitecture. Source : [4]

The internal structure of the LSTM is designed to selectively remember important inputs and discard the 

rest. LSTM model has additional cell state compared to RNN model. Cell state indicates current memory in 

LSTM. The role of this cell is to pass important information to be remembered at a certain point in time to 

the next state. The hidden state, on the other hand, is the total memory that is remembered during the training. 

It stores all information whether the information is important or not. The core part of the LSTM model is 

how to control the information flow in hidden state and cell state. The information flow in the hidden state 

and cell state is controlled by forget gate, input gate and output gate. Detailed operation in each gate is 

explained in [3].

3. Proposed model

In this research we propose a sentimental analysis system. We want to create a system that classifies 

movie review text as positive or negative. Overall model architecture is as follows.

Figure 3. Proposed system architecture.

The details of each layer are as follows.

3.1 Training and Test data

We use input data as IMDB movie review dataset which is consisting of English sentences. IMDB dataset 

[5] contains 50,000 movie review text collected from the Internet Movie Database. IMDB dataset is 

composed of 50,000 learning data, 25,000 reviews for training and 25,000 for testing. This means that the 

number of positive and negative reviews is configured equally. The words or tokens in movie review dataset 

are already encored in integer array. Label has a value of integer 0 or 1. 0 is a negative review and 1 is a 

positive one. The last thing to consider is that each sentence in a movie review has a different length, so the 

size of the input vector is different. It is necessary to solve this problem because neural network can only 
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receive inputs of a fixed size. In this research we use zero-padding technique [6] to solve this problem.

Figure 4. Distribution of length in IMDB.

Fig. 4 shows the distribution of length in IMDB datasets. In all, it has a length of 500 or less, in particular 

it can be confirmed that most of data with 100 to 300 lengths. On the other hand, the data with the longest 

length can also be found over 1,000 in length. It is reasonable to select the maximum length of words 

between from 100 to 300. In our research we set the maximum length of each sentence to 100.

3.2 Word embedding layer

Word embedding [7] is a technique that expresses words as vector in space in a different way than 

one-hot encoding. One-hot encoding [8] causes a catastrophic problem that increases the dimension as the set 

of words increases. Using one-hot encoding technique, only certain components are expressed as 1 and the 

rest are expressed as 0 and this kind of expression is called spares representation. Expressing words using 

one-hot encoding method is not realistic, and there is a disadvantage that does not contain the meaning of the 

word. Word embedding technique enables words with similar meanings appear close to each other, so it can 

include the meaning of words on vectors. In our proposed model, the embedding layer maps to 128 

dimensions for input sentences.

3.3 LSTM layer

LSTM layer learns to classify the input review from the output of embedding layer whether it is positive 

or negative. An important factor to consider when designing LSTM layer is the selection of activation 

functions. LSTM layer has three gates : forget, input, and output gate and we can apply different activation 

functions. However, Farzad et al [9] have shown that applying activation functions differently does not have 

a significant impact on results. In our model we apply sigmoid function.

3.4 Dense layer

The role of dense layer is to convert the output from the embedding layer to a probability between 0 and 1. 

We also use the sigmoid function as activation function.
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3.5 Optimizer

It is not known which optimizer is appropriate for LSTM model [10]. In general LSTM model may not be 

properly trained by certain optimizers due to gradient vanishing problems and gradient exploding problem 

[11]. Therefore, it is often difficult to know in advance which optimizer is suitable for data. The best 

approach is to apply various optimizers and to compare each performance. In this research, we compare SGD 

[12], RMSprop [13] and ADAM [14] method for selecting best optimizer for proposed system.

4. Experiment

The figure below shows the experimental result of various optimization techniques applying to the IMDB 

database.

Figure 5. Training and test accuracy and confusion matrix using Adam optimizer.

Figure 6. Training and test accuracy and confusion matrix using RMSprop optimizer.

  

Figure 7. Training and test accuracy and confusion matrix using SGD optimizer.

Training accuracy of RMSprop is 0.9772. In the meantime, the accuracy of Adam and SGD was 0.9883 

and 0.5516 respectively. While testing accuracy of RMSprop, Adam and SGD is 0.8299, 0.8154 and 0.5551 

respectively. According to above experimental results, RMSprop optimizer shows the best performance in 

training and test data compared to SGD and Adam. Another measurement of the algorithm’s performance 

evaluation in machine learning is confusion matrix. Confusion matrix, also known as an error matrix [15], is 
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a specific table layout that allows visualization of the performance of an algorithm, typically a supervised 

learning. Each row of the matrix represents the instances in a predicted class, while each column represents 

the instances in an actual class or vice versa.

As you can see in figure 6, the confusion matrix of using RMSprop optimizer showed the 82% accuracy 

with 10376 sentences classified as negative for negative sentences with 10372 positive sentences out of 

25,000 data. In case of Adam optimizer 9967 sentences classified as negative for negative sentences with 

10417 positive sentences out of 25,000 data. The worst performance SGD optimizer only 55% were correctly 

classified.

5. Conclusion and Future works

In this research we propose the sentimental analysis system based on various optimizer. Training 

accuracy of RMSprop is 0.9772. In the meantime, the accuracy of Adam and SGD was 0.9883 and 0.5516 

respectively. While testing accuracy of RMSprop, Adam and SGD is 0.8299, 0.8154 and 0.5551 respectively.  

In IDMB dataset RMSprop optimizer shows the best performance in training and testing phase. Future work 

is to find more best hyper parameter for sentimental analysis system and we are considering the combination 

of convolution layer between input and LSTM layer for extracting more useful meaning. Finally we will 

apply the system to HCNC company customer bulletin board. The company run a customer bulletin board 

for the reputation for the products what they sold. The product review from customers is an important part of 

the company because it is important information. Proposed sentimental analysis system based on the bulletin 

board we will evaluate and develop our proposed model.
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