®15% £3H 2 B it E M5 M A
Vol.15 No.3

2025 %53 A

Intelligent Computer and Applications Nar. 2025

Rl , 4. 2£T ERNIE My A HLH AR BT [T]. BRI NI S A, 2025,15(3) : 181-185. DOI.; 10. 20169/j.
issn. 2095-2163. 24042201

E T ERNIE #0F = A& 89 1F B 4 %

=, & W
(AREEITKRE HEHFRR, EXE 210000)

B = ARG A ERS FRHIE S BOR ST 20 B 1), B2 R T — P T ERNIE A1 21 AL A9 15 8y
Mrdiik o 205 E SR I 2552 ERNIE AR OCCAS 19 Sl 25Tl AR s HRU, 2350 AT 28 AL R SR IBI 12 I 2 36 3¢
ASHERT Hiith , S HOCAS (9 2 SRy R AR AL R SCRRAE SRS 8 2 FRAFAEEAT BRERL G, Ji0 A B R 22 0 265 vh AR IO 9 Jm i e
fiF s 5o 4 3 FRAIE AT DFERL G, A B A e 22 45 P th o B3 . AR PRI I A Bt 48 B st e 45 SRR
ITIEARERR R AT B3 PSS ENAR AR SO0 T HARXT L T7 1 ER] T 073 i e A st

KR 5T ERNIE; TERJIALE]; YIZREL; Kotk

hESES: TP391 MHERERE: A MEHS: 2095-2163(2025)03-0181-05

Emotional analysis method based on ERNIE and attention mechanism
LU Yujia, QIAN Gang

(School of Computing Science, Nanjing Audit University, Nanjing 210000, China)

Abstract: To address the issues of inaccurate word embeddings and insufficient feature extraction in traditional sentiment analysis
methods, a sentiment analysis approach based on ERNIE and attention mechanism is proposed. This method firstly utilizes the pre—
trained model ERNIE to obtain dynamic word embedding representations of the text; secondly, it employs the attention mechanism
and Long Short—Term Memory networks (LSTM) to encode the text, extracting the global features and contextual features of the
text; then, these two types of features are concatenated and fused, and input into a Convolutional Neural Network ( CNN) to extract
the local features of the text; finally, the three types of features are concatenated and fused, and input into a fully connected neural
network to output the classification results. Experiments on public sentiment analysis datasets have been conducted, and the results
show that this method outperforms other comparative methods in terms of accuracy, recall, and F1 score, proving its effectiveness
and superiority.
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Fig. 1 Model structure diagram
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Table 1 Configuration of experimental environment

T

Vo (4)

M 187515 AAER
Operating System Windows 11
CPU k45 i5-12500H
GPU NVIDIA 3050ti
Development Language Python 3.7
Development Platform Pytorch 2.7
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Table 2 Main parameters
24 fE
batch_size 64
learning_rate 5% 1077

filter_num 256

hidden_size 756

epochs 10
CNN_ filter_sizes 2,3,4

Attention_heads 6
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Table 3  Experimental results on Weibo sentiment classification
dataset
Model P R F1
TextCNN 92.88 92. 80 92.82
LSTM 92.49 92.41 92.45
RCNN 93.24 93.15 93.21
ERNIE 96.78 96. 45 96.57
OURS 98.46 98.35 98. 41
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Table 4 Experimental results on the ChnSensiCorp Chinese

sentiment analysis dataset

Model P R F1
TextCNN 90. 48 89. 80 90. 13
LSTM 91.27 91.16 91.21
RCNN 92.65 92.61 92.63
ERNIE 92.07 91.98 92.02
OURS 94.58 94.43 94.50
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