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[Abstract]

Al is deeply applied to various algorithms that assists us, not only daily technologies like translator
and Face ID, but also contributing to innumerable fields in industry, due to its dominance. In this
research, we provide convenience through Al categorization, extracting the only data that users need,
with objective classification, rather than verifying all data to find from the internet, where exists an
immense number of contents. In this research, we propose a model using LSTM(Long-Short Term
Memory Network), which stands out from text classification, and compare its performance with models
of RNN(Recurrent Neural Network) and BiLSTM(Bidirectional LSTM), which is suitable structure for
natural language processing. The performance of the three models is compared using measurements of
accuracy, precision, and recall. As a result, the LSTM model appears to have the best performance.

Therefore, in this research, text classification using LSTM is recommended.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 RNN(Recurrent Neural Network)
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1.2 LSTM(Long-Short Term Memory network)
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Fig. 1. LSTM cell
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1.3 BiLSTM(Bidirectional LSTM) 1. System architecture
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III. A News Text Classification Using LSTM
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2. Process
2.1 Data Preprocessing
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Fig. 3. Data Preprocessing
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2.2 Activation function and loss function
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3. Learning stabilization

3.1 Dropout
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4. Summary of a LSTM model

Model: "sequential_1"

Layer (type) Output Shape Param #

(None, 500, 64)
&_ongr ngg 60)

lolobal_max_poolingld_1 (Glob %E e 60]

embedding_1 (Embedding) 320000

Fstm_l (LSTM) 30000

dropout_1 (Dropout)+\\\\ (None, 60)

dense_1 (Dense)Dropout§ Qly“e, 60) 3660
Fropcut_z (Dropout)k/” (None, 60) [}
dense_2 (Dense) (None, 3) 183

Total params: 353,843
Trainable params: 353,843
Non-trainable params: @

Fig. 4. Summary of a LSTM model
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Table 1. RNN, LSTM, and BiLSTM model evaluation

Model Evaluation
Model Val_loss Val_acc Train_loss Train_acc Epoch T':I_ailr:I:g Accuracy
RNN 0.2529 0.9131 0.1147 0.9637 5 0:01:01 90.24
LSTM 0.2419 0.9266 0.1184 0.9675 5 0:02:56 92.99
Bidirectional CAp-
LSTM 0.2430 0.9168 0.1121 0.9681 5 0:04:44 92.15

Fig. 4.2 LSTME A}83t adlo] 2x0lc} 7hg 28
Layer= embeddingS = Layer= ¢10{9] HIE|g} v}A
= MRl 2goltt. Atol= RIS A] 942 Hlo]§{o]7]
ool Feidol vk AR 4 gict. TtA Fedofl A
&% 4 =% embedding layerS Y 3ol A9l
AR oA ATt LSTM, GlobalMaxPoollD,

ol 8IS 219

13

Dropout&-&

IV. Experiment
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Fig. 5. Validation loss of RNN, LSTM, and BiLSTM
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2. Comparing training loss
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Fig. 6. Training loss of RNN, LSTM, and BiLSTM
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3. Comparing training time
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Fig. 7. Training time of RNN, LSTM, and BiLSTM
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4. Comparison of RNN, LSTM and BiLSTM
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Table 2. Comparison with 3 models

Actz;’r)acy Precision Recall

RNN 90.24 0.90 0.90

LSTM 92.99 0.93 0.92

BiLSTM 92.15 0.92 0.92

Table 2.5 Edf & 3t pdo]
Og F 2980 248 A2 4 4 oo

LSTMo] RNN9J %7]9&E 2A1E sliast Qs A73%
QI Z10= Hof LSTMe] e 50| B 945t 7102 HQl
t}. E3F LSTMt BILSTM2 Accuracy, Precision, Recall
oA £ AS5Xtol2 Ho|&] K|t Accuracy, Precision©]
LSTMof|A9] F7d3to] ¢ =2 A2 = 4 St

mebA & JLoAl= Accuracy, Precision, RecallS

H|wa o [STMS A8SH uddlo] Of2 & wdlgr} Q461

2e % 4 olol LSTMS A3t BAE BES WL

% Ql%0] LSTME AL§
5t 71e

5. A chart offered to users

AFgRTOlZ] AlBE= 9 Blolxle Springo.2 P
Tt

AFEAPT &3 oHd2 RNN, LSTM, BiLSTM A 71X
ARG Rttt & & Algtle AlEs 9 & A
o ZHZ ARG HIAE HOJEIE &5t o|F0] dF

F vlgof| thiet XxkEo]o.

Predictive success rate by model

97.5 B RAN
LS B LsT™

95.0 LSTM. BILSTM

LSTM [

Rate

ITars 4g2st HA

Category

Fig. 8. Rate of successful predictions by model
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Table 3. Number of successful predictions

mateh | gEEst | MA 34

RNN 1,198 1,038 1,086 | 3,322
LSTM 1,214 1,122 1,087 | 3,423
BiLSTM 1,208 1,127 1,074 | 3,409
A3 Holg 1,291 1,270 1,120 | 3,681
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