[N p7s P S/
= i H A F
COMPUTER SCIENCE

EFRESFIHENPXIENF I EEE

XURR, EBGHE, &% =4

SIREFX
XU, EBRHE, 2%, . ETREFASIAPIENADEEEN]. IHEHRE, 2022, 49(4): 282-287.
LIU Shuo, WANG Geng-run, PENG Jian-hua, LI Ke. Chinese Short Text Classification Algorithm Based on

Hybrid Features of Characters and Words[J]. Computer Science, 2022, 49(4): 282-287.

AECEREE (EERAXIEE IE WEREEXNE)

Similar articles recommended (Please use Firefox or IE to view the article)

ET R BiE N ESTR R M KA NS S1545R 5!
EEG Emotion Recognition Based on Spatiotemporal Self-Adaptive Graph ConvolutionalNeural Network

THEMRLE, 2022, 49(4): 30-36. https://doi.org/10.11896/jsjkx.210900200

HEXRESHESESFINMEMERS B 5552
Intracerebral Hemorrhage Image Segmentation and Classification Based on Multi-taskLearning of Shared
Shallow Parameters

ITHEMRIE, 2022, 49(4): 203-208. https://doi.org/10.11896/jsjkx.201000153

BT R IRaSEENERIE RIRE 5%
Scene Recognition Method Based on Multi-level Feature Fusion and Attention Module

IHENRIE, 2022, 49(4): 209-214. https://doi.org/10.11896/jsjkx.210100135

£7F CNN MR AEEG B shRBI S
Automatic Identification Algorithm of Blood Cell Image Based on Convolutional Neural Network

THENRIE, 2022, 49(4): 247-253. https://doi.org/10.11896/jsjkx.210200093

EFERSNMEERGNSEUGTTEE
Multiple Fundamental Frequency Estimation Algorithm Based on Generative Adversarial Networks for
Image Removal

HHENRIE, 2022, 49(3): 179-184. https://doi.org/10.11896/jsjkx.201200081


https://www.jsjkx.com/CN/Y2022/V49/I4/282
https://www.jsjkx.com/EN/Y2022/V49/I4/282
https://www.jsjkx.com/EN/Y2022/V49/I4/282
https://www.jsjkx.com/CN/Y2022/V49/I4/30
https://www.jsjkx.com/CN/Y2022/V49/I4/203
https://www.jsjkx.com/CN/Y2022/V49/I4/209
https://www.jsjkx.com/CN/Y2022/V49/I4/247
https://www.jsjkx.com/CN/Y2022/V49/I3/179

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 210200027

St A 2

ETRAFAFMENRIEIRTEEE

X m EERE wmE% F oM
FEARBERERE X BIAGELEIREAR
(842964176 (@qq. com)

5 M 450000

W E MELERAVRRLR MG FTFATHSHPLEIAKE, AATLELAS EHAR, EKELSHHRETFE
BERARNMBOEZER G T —AFRHEE, HIEPILRKRIA, PXEIXRALAFHY BXLEARZERAEEHFE, T3
XARAEEARRE KK, A . X PRET—HEATRAFT AR ERANZMEBUG T LB A, EE k., T4, ZE*
FEH AP X REIANFAEFRAGE. FoAFER AR ERIGRAEHRRIAGFHERIERIT G BT HELITRS; R
G il it A% B B e softmax B R RS EES, BT THUCNews #7 M B E Ly mXEREN, ZAEEHAHE B £
Fo F1 185 3 #P3F M 3547 £ 36 F £ 489 TextCNN,BiGRU, Bert A & ERNIE_BiGRU % s )b 82 8 , A A 4547 6542 TR £ 2 R .
KBFE.PXELASEFNAER ; FaF;@00F; 5RVERL

REESES TP391.1

Chinese Short Text Classification Algorithm Based on Hybrid Features of Characters and Words

LIU Shuo, WANG Geng-run, PENG Jian-hua and LI Ke

People’s Liberation Army Strategic Support Force Information Engineering University, Zhengzhou 450000, China
Abstract The rapid development of information technology has lead to massive data of Chinese short texts on the Internet. As
such,using classification technology to dig out valuable information from it is a current research hotspot. Compared with Chinese
long texts,short texts have the characteristics of fewer words, more ambiguities and irregular information, making text feature ex-
traction and expression a challenge. For this reason.a Chinese short text classification algorithm based on the deep neural network
model of hybrid features of characters and words is proposed. First, the character vector and word vector of Chinese short text are
calculated respectively. Then, their features are extracted and fused. Last,the classification task is accomplished through the fully
connected layer and the softmax layer. The test results on the public THUCNews news data set show that the algorithm is better
than the mainstream TextCNN,BiGRU,Bert and ERNIE_BIGRU comparison models in terms of accuracy.recall and F1 value. It

has a good effect on short text classification.

Keywords Chinese short text classification, Pre-training model,Character vector, Word vector,Convolutional Neural Network
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C=ERNIE. Embedding. from_pretrained(i) ;

W=Word2vec. Embedding. from_pretrained(i) ;

V.= TextCNN(C) ;

Vi =DPCNN(W) ;

V=torch. cat (Vi,Vyui);

P=softmax(WV+bg);

End For;
Return HFCW-CNN model, P.

A [6] T+ by B3 K B 4 B SCSCAR , HR S SO A TE S
PN S AT SC AR B2 R (T T 7 B ok AT O SUAR R R KK
SERIAATR o DL AR SO X S5 SCAS B 47 7 2 A
TR KRR IFTE T W R 2R s B R A b PR AT AR S, AT
AR 2 1 8 SCAR TR UAR B 4R 8 S U Ar R P RE

3 XWiRE
3.1 SLWIE

T A Y 5 3 X AR SO Y RAT S R Ok HE AT
TIE S 4 PR B TR B R 1 T

*1 LRI E

Table 1 Experimental environment configuration

Lab Environment Specific Information

Operating System Ubuntu 16. 04
CPU Inter Xeon E5-2650 V4
GPU NVIDIA TITAN Xp

Python 3.7

Pytorch 1.6.0

Development Language

Development Platform

3.2 LIHE

A% S 3 SOk [ 22 1B 18 1 S D 5000 4 Ry 2 6 B L
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Table 2 THUCNews headlines data sample
Text content Class Label
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Table 3

Comparison model information

Algorithm
Word2vec+ TextCNNE]
Word2vee+ DPCNNE
Word2vee+BiGRU

Word2vec+ BIGRU_Att-24)
[12)

Bert+ softmax
ERNIE+ softmax|"*]
ERNIE_BiGRU"
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FEHY % 52 2000 A4 batch I U 2R84 5 J0 B & $2 T+ B, $ i ¢ 1k
VIIE

*a4 FELEBH

Table 4 Main experimental parameters
Parameter Value
batch_size 128

learning_rate 5x10°
dropout 0.5
TextCNN_filter_sizes 1,2,3,4
DPCNN_filter_sizes 3
filter_num 256
hidden_size 756
epochs 20

3.4 WEMiEtR
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__ TP 0
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HH, TP(True Positive, 2P 278 T2 1E 28, 92 Br L 2
IEZE R SCA A% FP (False Positive, i B 1) 7R BT 2 1E
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TR £ 2 L S PR JE 61 38 19 SCA AN B FN (False Negative,
B BA ) 2 TR 2 £ 28 L S BR J2 1E 28 19 SCAR AN B,

4 ZWHERDW

R T GEA TP AR SCE 1 5 R R A AR M R B R 4 L 4y
S7E THUCNews #5845 41 42 Al THUCNews 37 [ 454 48 -
HEAT T SC 4, A B 2 FEORS 8 R LB R A F1O(E AR O OF
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(1 #E THUCNews 478U HE 58 F 19 45 5 4 B

£ THUCNews brii 5 95 5 FEAT 5250, 3 ATk & 3
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Table 5 Experimental results on the THUCNews headlines data set
CHLAL 6D

Algorithm P R F1
Word2vec+ TextCNN 90. 88 90. 80 90. 82
Word2vec+ BiGRU 90.49 90. 47 90. 45
Word2vec+ BiGRU_Attention  90. 48 89.47 90.42
Bert+ softmax 92.64 92.58 92.60
ERNIE_BIGRU 94. 32 94.12 94,22
HFCW-CNN 94.82 94.79 94.80

Hi 3 5 40,78 THUCNews #5388 4E T, A SC k78
3RV AR 1 B 0 T 5F oA, Hop, 7R 25 A PR AN HE AR
F1 {8 b, 7% C % % 48 It TextCNN, BiGRU, BiGRU _ Atten-
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Fig. 4 Classification effect of this algorithm on ten types of news

headlines data
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Table 6 Experimental results on the THUCNews news data set

CHLAL 06D
Algorithm P R F1
Word2vec+ TextCNN 94.93 94. 82 94. 87
Word2vec+DPCNN 93.37 91.53 92.44
ERNIE+ softmax 96. 23 96. 06 96. 14
HFCW-CNN 97.37 97.34 97.35
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Fig.5 Classification effect of each model on ten types of news data
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