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Chinese text classification based on pre-training model
and deep feature word vector

TANG Yingjie, LIU Yuanhua
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: A deep neural network model based on pre-training model (Roberta) and deep feature word
vector was proposed to deal with the problem of Chinese text classification, in order to solve the
problem that the word vector represented by the traditional model has unclear sequence, context,
grammar, semantics and deep information representation. The sentence vector containing context
semantics and grammar information and the word vector containing sentence structure features were
generated by Roberta model. The word vector was extracted and fused by DPCNN model and revised
gate recurrent unit( RGRU) to obtain the feature word vector containing deep structure and local
information. The sentence vector and feature word vector were fused together to obtain a new vector.

Finally, after the new vector passed through the softmax activation layer, the result was output. In the
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experimental results, F1 value, accuracy and recall were chosen as the evaluation criteria, they reached
98.41%, 98.44% and 98.41% in the long text of THUCNews. At the same time, the model had also

achieved good results in short text classification.

Keywords: pre-training model; Roberta model; DPCNN model; feature word vector; Chinese text

classification
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Tab.1 Information of experimental data set
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Tab.2 Confusion matrix

SitEAE S
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AL, Zeid e EHE)Z A softmax FE RS fn il i e
SHERE N

g. Roberta+TextCNN, ¥ Roberta #57!H1 encoder
JZ 155 HHAE A TextCNN BRI H A, A5 2050,
0tk 5 Roberta #5784 H i J5 — )2 19 th DFEAE
—if, Zead 4 )2 M softmax I PR B iy
JSRESE

P BB SR S5 RN L L3 3 Figk 4, Hirp
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THUCNews i XA 7326, Joik #25 ~ i st
AU FastText BRI B2 R e L . AR RS 2= 2T 1)
BRI A SRR AR B 45 G sk R e 2 )
R, P g A ir A A T R, Fl
{8 7] LA ik % 96.98%, I FastText 5 &I i T
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Tab.3 Comparison of various model indicators of THUCNews

short text
GYIRERL RS Hhfi PR FI&
FastText 93.97 94.01 93.97 93.99
TextCNN 92.69 92.7 92.69 92.68
LST™M 93.43 93.45 93.43 93.43
DPCNN 92.28 92.39 92.28 92.33
Bert+DPCNN 94.31 94.31 94.31 94.31
Roberta+tLSTM 94.77 94.78 94.77 94.77
Roberta+TextCNN 95.97 95.96 95.96 95.96
AL 96.96 96.99 96.97 96.98

& 4 THUCNews 3SR 2
Tab.4 Accuracy of THUCNews long text

SR MR R #RER FIE
FastText 91.29 91.32 91.29 91.07
TextCNN 93.07 93.17 93.07 93.01
LSTM 93.20 93.43 93.20 93.31
DPCNN 93.18 93.31 93.18 93.24
Bert+DPCNN 94.62 94.62 94.62 94.62
Roberta+LSTM 96.85 96.86 96.85 96.85
Roberta+TextCNN 96.80 96.81 96.80 96.80
AL 98.41 98.44 98.41 98.41

T R R B Y 2 FastText, 31X J2: K4 FastText ¥
g SCA T i A ) ) i AT, AT Y
G 1B SCREEH R B IRAFAR B e 3

FETCIE RS 2] MR R G fy vh K SCAR A2l
JH FastText B8, &R A G0 45 B ph 28 I 48 191 20
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SCHE AT BN QP 25 ) 28 1 U 25 44 S 8

{6 FH I 545550 Roberta 4% FHE(T 55, #iAY
A EEARMERR L TG 302 PRl T I R A 7R
WS BON R BRI ZRAE ok, A TALE G p
Z M1 H ORISR, I GRAR AL 1 1 s
B, AR BT

2 RN B 2 S UL R 2 ) h
M2, dow s Hbr R ERe & W SEN R B i A K
PSSR Fie /N o A3 2 XD R e Al H A RECTE
A3l B () NS B SR e /N . 3R S R ) R
WAL AE R, NPT LEB, DL FLAE I A
#fE, Roberta 578 fff H] 43 5% 98 8 1 7 X 43 2 H:
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Tab.5 Combined with different learning rate attenuation
experimental results (F1 value)

G S Faimeet  HEX =Bt KRR
THUCNews & LA 96.83 96.91 96.88 96.96
THUCNews K CA 97.48 97.53 97.41 98.41
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MELEG 25 A T DL Y, Roberta #5551 76 i 57
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MIEL 7 R 8 45 A28 B FLAEH AT LLE F
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