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Long Text Classification for Web News Based on Enhanced

Language Representation Model
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(School of Artificial Intelligence, Jianghan University, Wuhan 430056, Hubei, China)

Abstract: Based on the real—time news content data of the Internet, the author classified
the news topic of a time—Ilimited Chinese long text data set. The segmentation scheme of
annual keyword enhancement was used to improve the segmentation accuracy. In addition,
the author adopted a long text compression method to process the special data of Chinese
long text. The specific method was to select key sentences, and extract the keywords in long
text using the TF—IDF algorithm, then carry out word vector training on the combined new
text. Finally, the author used an enhanced language representation model to classify news
topics and compared them with six machine learning and deep learning models, including
recall rate, accuracy, precision, and F1 score. The experimental results show that the model

can effectively classify long text in real—time news by extracting 16 important words.
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Tab.1 Sample segmentation effect
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Tab.2 Data category distribution of news text

# 1 % 5 WN%E + Biek maKE K E Bt =
A3 9908 1052 10 960
M % 13 040 873 13913
7 K, 7874 833 8 707
wH 9 330 1022 10 352
Ak A 8501 996 9 497
Ve 9618 859 10 477
¥R 8015 922 8937
BEH 8 601 953 9 554
R 6 876 1139 8015
B B 6 999 1351 8 350
Bt 88 762 10 000 98 762

®3 REEKE
Tab.3 Confusion matrix
AEME
B4 T o Py
S IE ) TP FN
7 FpP TN
F1AE 2K B P A R R A P8 A E , it s A=y
2TP TP TP
Fl1= , P = , R= ————, (3)
(2TP + FP + FN) (TP + FP) (TP + FN)

Hoip TP FN FP TN BI{ER U T 1 16 4 B 097 345 21
23 REE
A S Python i 7 S5 B SCA 4328, o B #8272 B 2o Scikit— Learn FEAY # IR FE 2% )
15 7138 3 Keras 11 TensorFlow He S 81, R 22 BRI S B L R 4
T4 REFIEBSH

Tab.4 Parameters of deep learning model

©

B H AR CNN #£ A RNN #£ & LSTM #£ 7
A9 K E 600 600 600
R ¥4 64 64 64
dropout 0.5 0.5 0.5
LS 0.001 0.001 0.001
P4 T K 64 64 64
K& 3 B AY 42 T — 128 128
R8BS S — 2 2
AERBHE 256 — —
B A K 5 — —
A B AT 2T 128 — —

—RTHERRAZLEK.
ERNIE #8250 W 3 5, ffi F Pytorch 3 52 3, H 151l 25 45 %I A] 7E http : /image.nghuyong.top/
ERNIE.zip F# .
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Tab.5 ERNIE model parameters
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Fig. 2 ERNIE model training iteration graph
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Tab. 6 Text categorization results

> EFR R E Y B /% AR % F145/%
B 91.18 91.18 91. 20 91.18
%4 E )2 92. 28 92. 28 92. 32 92. 29
X H I E AL 92. 65 92. 65 92. 66 92.65
CNN 93. 06 93. 06 93.09 93.06
RNN 93.31 92.31 92. 30 92. 29
LSTM 93.72 93.72 93.86 93.76
ERNIE(8) 95. 82 95. 89 95. 82 95. 89
ERNIE(16) 96. 53 96. 51 96. 53 96.51

ERNIE(32) 96. 04 96. 06 96. 04 96. 05
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Tab.7 Text test aggregation classification of ERNIE (16)

% ) RLE Y BwE/% F145/% A
KE 98.76 99. 14 98.95 1044
® R 95.94 98. 82 97. 36 932
% & 98. 48 97.98 98. 23 791
Vi 93.51 95.95 94.71 1036
HE 97. 20 94. 85 96.01 951
i d 95. 41 96. 20 95. 80 842
7 3% 99.18 98. 48 98. 47 856
IS 94. 99 94. 80 98. 83 1019
A 95.00 95.87 95.43 1089
W4 97. 28 94.51 95.88 1440
T E 96. 53 96. 51 96.51 10 000( #14)
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