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Abstract

With the rapid development of information technology, the volume of news texts has surged dra-
matically. How to effectively classify these texts has become a significant research topic; however,
the diversity and complexity of news texts pose numerous challenges to traditional text classifica-
tion methods. This paper proposes a BILSTM-CAM model designed to address the limitations of deep
learning algorithms. Leveraging the advantages of deep learning in processing sequential data, this
model can effectively capture contextual information within the text and better identify key fea-
tures in news texts. In the experiments, we first preprocessed the dataset, including steps such as
text cleaning, word segmentation, and vectorization, and then trained and fine-tuned the BiLSTM-
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CAM model. We conducted comparative and ablation experiments. The results indicate that the pro-
posed model effectively improves classification performance when processing data, addressing the
shortcomings of traditional methods.
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Figure 1. Text classification process
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Figure 2. Recurrent neural network
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Figure 3. Diagram of the LSTM architecture
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Figure 4. BILSTM-CAM model structure
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1) Convolution Layer

ERUZ (Conv) I Ty i s 45 44 (I G BE L B 7 HoAZ O FIAE T3 J) 0 32 B LA S B g A\ e 41
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2) Channel Attention Mechanism Layer

R IHUHIE T NN E R e B S B A 7 . EMANEEEREER, ABKFEGIRK
WL RN S N A . IR, TER VUG 2 W 2% BENS H 3227 21 R S AR M A\ B8l g o
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WU Bt (Excitation), Fe 4 5 IRFAE I8 S 3 2 1) 22 2 R HIHL(Shared MLP)#EAT AR 4 1448 ¥, 244 Sigmoid
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M(F) = o:(MLP( AvgPool (F))+ MLP (MaxPool (F))) (1)

3) BiLSTM Layer
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4) Fully Connected Layer
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3. SCIf
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3.2. BIETALE

TR IR, JEIRE BTG RRh S N ZAE AT ORI 28I, AR B KPS, BN
2 E IR SRR E A RECCA A AR, BT LS — 2t /8 208l PRUAL B ) I T R SO e 1k
FSAH ) - B R (AN B, #5582 32 ], IS Bk 32 N1 R SCAS R A G T (1) 2e s, fl— AN BT R
BLRELAT 32 M, A ANE 32 M|, MEBATAINERAE, EAE 32 MARISCARRRE, BRINER 5148 [ 2 E
(110, KEBH—E, REEEMANAE, SRR — MR E.

3.3. SLHNRE

AN} BILSTM-CAM BAUHAT 1T 2 U Sk, FFHic sk BRI ZRIN 7 SR FE o WHIRFE 5 ST N8 1) S 505
B Batch-Size (BERACFESCA AN %), Max Sequence Length (5 K7 51K %), Number of Epochs (VI 25K
&, BMTEABESEORE L 1.

Table 1. Model hyperparameter settings
* 1. RAUBSHIRE

HZH HufE
Batch size 64
Max sequence length 32
Number of epochs 50
Learning rate 0.001
BiLSTM units 256 (B 77 1A])
Conv filters 128
Conv kernel size 3
Dropout 0.5
Optimizer Adam
Loss function Cross-Entropy Loss

3.4. TENERE

BT R FER PP AR ER 2 . R TR FLE. EIPESETERN, #Eff. s, o
5] 2 F1AH 2 DU 28 0 B AT b«
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A A FEFIUER 1
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3.5. SEIGEER
3.5.1. RBIILELE

TP

Rec =
TP +FN

_ 2*Pre*Rec
Pre+ Rec

F1

“

(&)

BRI RIS 5E . ™, R A Bl e, BUa. RF . IR SR T 2 70
K, BARLEEIIZRG, BEARUEE 7 RAE RS A R UK 2.

Table 2. Model news categories

2. REGESRER

FRERLE ]
Finance
Realty
Stocks
Education
Science
Society
Political
Sports
Game

Entertainment

Pre (%)
92.05
91.92
89.80
93.35
92.46
90.13
89.16
94.39
93.57
92.87

Rec (%)
89.50
93.70
81.30
95.40
87.90
90.90
87.10
97.50
92.30
92.50

F1 (%)
90.76
92.80
85.34
94.36
90.12
90.51
88.12
95.92
92.93
92.68

SKIAREN], G BILSTM SIHiEEE L] AR AR 73 JR BE L RENSIA B R UFRIL, BIiLSTM
RENE A I SO 1 v A PR (A OC 28, T JE A 2 DAL AR DU 3 — 2 1 i 17 AR 508 S B R A 3 11

REERET), MMUHETE 1RSSR RE

3.5.2. SHE5iHRhsEIE

Table 3. Comparison of model results

3. REERIIEE

RIS ACC (%) Pre (%) Rec (%) F1 (%)
LSTM 76.70 76.68 76.70 76.69
TextCNN 83.58 85.82 84.49 85.14
BiGRU 85.06 87.50 85.10 85.10
BiLSTM + CAM 91.44 91.97 90.81 91.38

M 3 ATBVEH, LSTM fENA MR M a5 54, B — P A Rae /), (AFEALEK ST
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AN 25 5y A BURH FBE W R A5 SR RE IR R, TextCNN AR RS- IR BRFAE AT 5 D035, SR, LTS S2 BR T[]
S T2 T AR = 08 S SRS ML IEAE (1 B IE RN, S BOE> BLEUE E A . BIGRU R XUAIS5H, REWS
R F AT EAS A BT SUER, £ —ERE EyReh 75 LSTM A Z . H GRU 5K LE LSTM 1
RIS AR L 75

BIiLSTM A3 20855 1 SCA R 51 (K B AR R AR RE /0, XL 1e) 5 K Ao A AL R O e T 1t PR A
B SCE SC IE R B (CAM) E 3 27 A [FRHIE B E 1 B ZERCE, A 30 1% 5 24 50 R4
5 I AR ITE SCRFAE,  F0 TR B 5 (5

Table 4. Ablation experiment
4. HRASLIE

TR ACC (%) Pre (%) Rec (%) F1 (%)
LSTM 76.73 76.68 76.82 76.69
BiLSTM 80.48 80.43 80.46 80.44
LSTM + CAM 86.65 86.58 86.70 86.59
BIiLSTM + CAM 91.44 91.97 90.81 91.38

7 443, JHEhSEGIEIE L 51N BILSTM AUBEE R AU, ST N R34 % S04 43 2 R 10 %
Mo, SIS 25 R B MZ OB RS- A A R I AL B A E A . FERIEE AL LSTM & Tideis A E, H
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Wi, PEREBRASIANT CAM MEVERE/ R TIRTF, BRI TER JHUH] B a8 20 B3 sl i 244
I, B (S B, B TR R
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S5k
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