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Chinese text classification model based on dual pre-trained language model
YUAN Mingjun, JIANG Kaizhong

(School of Mathematics, Physics and Statistics, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] To solve the problem of sparse features caused by Word2Vec models, a text classification method based on autocoding
and generalized autoregressive pretrained language model is proposed. Firstly, BERT and XLNet are used to represent features such
as polysemy, word location and relationship of the text respectively. Then, context features are extracted through Bi-directional
Long Short—Term Memory ( BILSTM). Finally, features through self-attention and layer normalization of the two channel are fused
to obtain the features closer to the original text and improve the effect of text classification. The proposed text classification model is
compared with several deep learning models on three datasets. Experimental results show that compared with traditional text
classification models based on Word2Vec, BERT and XLNet word vector representation, the improved model achieves higher
accuracy and F', , which proves the validity of the improved model.
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Fig. 1 DPT-BRNN text classification model
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Fig. 2 Partial overview diagram of Permutation Language Model
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Fig. 3 Query stream attention calculation
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Fig. 4 Content stream attention calculation
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Fig. 5 Recurrence mechanism information transmission
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Fig. 6 BERT network structure model
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Fig. 7 BiLSTM-Attention model diagram
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Tab. 1 Setup of experimental environment

S ERA AR

BAERGE Windows10
CPU Intel(R) Xeon(R) CPU E5-2680 v4 @ 2.40 GHz
AT 28 G
R NVIDIA GeForce RTX 3060

HEET Python 3.8.8

FEFE Pytorch 1.9.1
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Tab. 2 Statistical table of datasets

Bl e JEREFN U ER= B IEAE AL MR AEEL %H
THUNews 90 000 50 000 20 000 20 000 10
ELEIN 65 000 50 000 5000 10 000 10
oy 90 000 50 000 20 000 20 000 3
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Tab. 3 Parameters of pre—trained models

SRR XLNet BERT
Encoder JZ% 12 12
(ST N 768 768
[EREH=WALiINIPS 12 12
x4 HEBEBHEE
Tab. 4 Setup of model parameters
e BEE
Adam LRS-~ & le-5
ATKRE 34
Epoch 10
Batch_size 32
Dropout 0.5
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Tab. 5 Confusion matrix
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o e
Positive Negative
Positive TP FP
Negative FN TN
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WA T 8 R0 o R 40 ik 8 T
83.68% .79.41% F1 98.72% ; BERT — 4= i % WL U 1E 3
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BiLSTM \BiGRU #&%4 | Jf3 i [ v & H1 L 3k BU=)
PRERAE | VA — Ak R 25 1) 5 | e 8 90 3
AE B HE T DR DN A R 2% &) 3] 38 2 19 SCAS Ay
TEAE B FEARAS N =55 B SCARRRAE , IR SUH e T
BRI RE R . L, TR R 002 F (E, A
SCERIBIE T BRI o AR SO S BERT -
IR R AE 3 DAL ol E T
2.66% .1.39%F1 2.29% , %5 XLNet — 4= % H 45 7 A 1ff
BIE 3 ADEIEE Er w1 1.40% ,1.01% Fl
1.33% ,EW] T A SO 73 G 30k
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Tab. 6 Experimental results compared with pre—trained word vector models %
o THUNews #4 I A 4 A
SARSF AL — — —
MRS FyfH HERH A Fy {8 TS Py
BERT 81.02 76.37 78.02 73.43 96.43 66.81
XLNet 82.28 78.22 78.40 74.31 97.39 70.50

DPT-BRNN 83.68 79.77

79.41 75.00 98.72 82.50
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F T L BE DPT-BRNN #5587 2l | A
SCIE X B 22 A FE A1 ) B s 45 b R R4 1 3

Word2Vec ia] [a] & (19 ¢ JE AR A X B 55 R 4, 45
TextCNN . BiLSTM . BiGRU . BiLSTM — CNN . BiLSTM —
Attention "™ FIl MCCL'") | I LG5 SR L% 7,
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Tab. 7 Comparative experimental results of traditional word vector models %
THUNews $(3f4E EURISAEiTE S [DeBACE S
SCAR P RAFE I

MRS FyfH RS FiE iRES Fii
TextCNN 78.94 72.71 73.81 69.20 90.87 80.67
BiLSTM 79.36 72.717 74.72 69.46 90.55 81.53
BiGRU 79.10 77.62 74.46 69.02 90.69 81.71
BiLSTM-CNN 79.72 73.63 75.96 70.27 92.14 85.54
BiLSTM—-Attention ~ 80.04 78.89 76.45 72.04 92.05 85.02
MCCL 79.60 78.28 75.42 70.65 94.45 90.20
DPT-BRNN 83.68 79.77 79.41 75.00 98.72 82.50
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