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Abstract: At present, most of the researches on news classification are in English,and the traditional machine learning
methods have a problem of incomplete extraction of local text block features in long text processing. In order to solve the
problem of lack of special term set for Chinese news classification, a vocabulary suitable for Chinese text classification is
made by constructing a data index method, and the text feature construction is combined with word2vec pre-trained word
vector. In order to solve the problem of incomplete feature extraction,the effects of different convolution and pooling opera-
tions on the classification results are studied by improving the structure of classical convolution neural network model. In or-
der to improve the precision of Chinese news text classification, this paper proposes and implements a combined-convolution
neural network model, and designs an effective method of model regularization and optimization. The experimental results
show that the precision of the combined-convolutional neural network model for Chinese news text classification reaches
93.69% ,which is 6.34% and 1. 19% higher than the best traditional machine learning method and classic convolutional
neural network model,and it is better than the comparison model in recall and F-measure.
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KRR T = Fi el A% 5 21 553% Ui W] CNN £ 7Y

A L2 ) B 22 (1) 43 2R ERAE M HE A% G DL 2 2 2] B
RIFA M. 25 3. 2 EBUZ A0 CNN-3 B A~ 4
FUZ M CNN-1 B8 AT 1 4 s R 22, BB fE &
CNN ALY ) 35 filt b in % 36 B2 1 0% A BUAS 030 1 354
Tt R AR S 2 B CNIN R B 45 by ) S5 B 4ES 4
Y145 -CNN A5 A 6 H SO ) SCAR 43 2 10 RS 1 % 35 51
93.69% , Mt NB KNN SVM F4 43 253850 5 | 2 e 432k
KEHR FARE T 11.82% .8.21% .6.34% , HAHIL T4
ML CNN-1 BER 1) 3 2ER0OR  TEAE I R B 1. 19% 142
T, [EIEE A R A F, P 50046 A A T X Fe A A, 33
BF SR FH i) 1) k2 591 3 B P4 9 X, A A8 4R BURE i
ST Jry 3B SCA HRRAE A 2., FESCAR oy B3R LA R
LERIUEiBI

R T 25 43 AT A () 43 ZEASE A 2 (8] 1) 22 5, A
A3 IEkIE T =2 vk v o RROR S AR i SR AT Rl A
A6, FeATT43 B % 2H & -CNN , CNN-1 il SVM #5574 1
FFGETTXT b, IR AR R 4 324X 100 8K, i ) — 2 03K
G B (RN A0 SR AL Btk A R U B 78 Ak, AS TR B 78 g 0 4
B AT A an &l 10 .

16

34 s Combined-CNN_accuracy ss=Combined-CNN_loss
s CNN-1_accuracy e CNN-1_loSS

12 e S\VM_accuracy e SVM_loSS

accuracy/loss

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94 97 100

epochs (FFERXK)
10 ARV 0K 2 A 25

F &T 10 AT 0, A58 AR 32 A Fif 32 AR U R 0 38 m AR P
TP TR IR T RS W SCIR A, BB T
R Adam DAL TR BOVE T, B0 R (L R 7 T [, e &
T e — MR/ X [A] % 81y, 21 A -CNN A5 Y 1) 3 AR
FEAE R T CNN-1 A1 SVM B8 156 B 20 5 -CNN A 7F
22 CNN RERL Y JLRl b JEAT S5 A P Ak, ootk s B T
AHERYAr 28R LAk, 2 A -CNN AU 458 2% 14 U 8
R B RN, BARTE SRR (R AR B R (R AR T
22 ML CNN B8 JF H R A8 T SVM B AL, fy ok m] U, 21
£ -CNN BT B3 7 v SO ] SCAR 43 28 07 1T A R0

(2) AT T AR BRS04 255 58 4B 43
FEE R VG HE B IR, BEAS o L/ A 28 00 A 1 At

BRI AEA & L2 28500, L, 78 525 rh i — 20 )
SRR R AR IR AY | 7E AN R B4 4R L F A7 43 25 45
REE Wk 3 frw.

*3 TRMBEHNLER

HAnsE bitES AR FH
ALy 0. 9369 0.9368 0. 9368
¥ fi 0.9557 0. 9544 0. 9540

HOPEE 3 A1, ARG FH 414 -CNN BRI 5 L R
FEXM BB b BUS (0ORS B % =3k 95.57%. (A
YIS S R LU N Y A %) B 4 A 8 4 AR
U REHRIRETE T 1.88% , AR FRET T 1.76% , F, 4
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2% Eihd 2021 4F

FETHT 1. 72% . Uk A X 20 114 AN 35 1485 500 A P U Ak B
BRAT BTG 4R, 7T LAAR G 3t figp DR E A HOHIE o BE A i
YR TR AT, B3 A AS o b/ B I 0 B R 20 28 TR
A L2 0. PRI, B B R S T 3 45 R
SRR o B8 A 1A 32 5 A Ak B RT LAk — 22 4R T B
I 732 BORGE 1 36.

5 #ig

AR A8 3 B8 2R 51 W e IR R 2% O d
i word2vec ¥ 1R] YL 2 05 i 5 B ST 1) L 7E 4
CNN BBl b B2 0 T — il i 414 -CNN AR
5K, B NG B T G i B R A
(9 772X TRl SO B Sy FS AR AT 1Y) i B 4 T DA S
IREERE A A -CNN BRI SCAR I 3 R 3CR— A T —
ERRE R TE KSR A 5] 93, 69% . 53 A, X B iR 2
A Ab PRS2 A -CNN BEA E— 20 BUAS T 8 45 1 o 2K
gL AHZ T IS v Y 1 S TT R = 34 Ak
(1, T DA A A7 7 B dl 4R A FAR iz A AN IR I B . R
— 5 TAE, 2 T 2 (5 E 4 b Ad A2 A ) IF X A
AKIAE AT AR 1138 T 43 SRR g 0 25 A ik e
AR S b A AR A MR R K J R s R 2%
17 50 K SCARBUE FTRE A5 58 TR SCfF B IR 4y
RUHETT IR SORTE 4 28 JT K 5 4 A -CNN BRI EE 5
R TERFE TN EZ KBRS,
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