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Research on Chinese text classification based on ERNIE model

BI Yunshan, QIAN Yaguan, ZHANG Chaohua, PAN Jun, XU Qinghua
(School of Sciences, Zhejiang University of Science and Technology., Hangzhou 310023, Zhejiang, China)

Abstract: In response to the problem that word vector representation can not fully utilize
semantic information in the Chinese text classification task based on deep learning, a Chinese
text classification method was proposedon the basis of ERNIE (enhanced representation
throughknowledge integration) model. First, a more semantically expressive distributed text
representation was obtained through the ERNIE model. Then, the deep convolutional neural
network was introduced to further extract the encoding features of the context to obtain a
deeper representation of the text features. Finally, a classifier (soft maximum, softmax) was
used to realize Chinese text classification. A series of comparative experiments were conducted on
three published Chinese data sets, and it was found that compared with the traditional classification
model based on BERT (bidirectional encoder representation from transformers) , this model has raised

the accuracy and F; value by 6. 34% and 4. 82% respectively, indicating that the text classification
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method based on ERNIE model can effectively improve the performance of Chinese text classification.
The proposed method can achieve text classification more accurately on multi-domain Chinese text data
sets, and can provide a reference for subsequent research in natural language processing.

Keywords: natural language processing; text classification; deep learning; convolutional neural

network; ERNIE

UL AR BE A 7% ) ELI I Y TSR A %  SOAS B S UG T SR 2 2R A D B AR TR AL B (natu-
ral language processing, NLP) i SCHEF R Z — 52 B 1 MORBR 12 195G . ORI 2802 — Tk SOA it
A0 B 343 28 346 8 9 A 5O LA 200 2 i i B R S NLP S5l r i 22 % g 35 A7 3 43 SCA 43
Ze A R SR B IR T AR . SOAR A3 S O R T R B Y B TR LR A 2T
JPEN B TR B2 S i e TR A 2D B ORI SRR AE 2T I AR 0 BTz N SO A 2
55, M BE A TR B 2 ) WO ZRih 5 R 0 R % SUAR A3 284 55 I MR RE RS 1 S — 2B 4 7t

R B 2508 F BRI SCA ) H 4L (word to vector, word2vec) ™ | 4> 5 i 1] H (global vectors for
word 1'epresentz:1tion,GloVe)m 25, (H 53X BB AR R RN BE fif g —36) 2 IR 22 05, TR R Y AR g B ()
(embedding from language model, ELMo)"™ 481 Z b 3C 14 1#) 1] 5 B YI 25 7 W6 i3 s A o 17—l 2 L
[A] 55, {H ELMo F 19 2 K 8 B0 12 W 4% (long-short-term memory network, LSTM) %} 4% 1iF 9 47 $2 Bt ,
1M LSTM $2 URFE i BE 3 AR 8558 . AN BEAR SF s il b8 SCRYMRAE . 3 JLAE A U Bl 5 (generative
pre-training, GPT) R R X i) 4 F #% 22 4iF H& (bidirectional encoder representation from transformers,
BERT) B S5 A4k $E . GPT J& 58 — 51 A T Rt i W0 25 il 5 B L 7 46 28 7 1E 42 B g
58T LSTM, HE#ede 3R AT 68 Sy ok (H GPT AT B & — > i) i 5 SR, ok 3045 B F ST G
FRIERR , I 2 M5 2 . BERT BERLZ — Fh 5L T 00 1a) % e 4 A ) o 5 80, il 4 0 ) 4 i
JE )z N B A ARE T AR FRAT 5 L R RESE O BERT R 5 XU ] (bi-directional) LSTM A
454 M T BERT-BILSTM A, A X GO P 18 0 40 o] PR 3647 20 7. S48 ik Ml b i 140281
VTR PE, SR 00 g 3T BERT 5 45 FH 91 £ W 4% (convolutional neural network, CNN) § 3C A 432K 77
.51 A CNN Xf BERT #5852 B 2 ) 5] FRRAEJF — 2D 32 0 3R A5 T B4 iy o3 ROk . i 7 LSTM Jf 47
A RE ) 55 CNN BHIA B0 A T AT AL FRLAE ) 15 T8 1 3R K R 2 ) SCAS AR G R 5 T T4 38 45 FRUpf 48
™ #% (deep pyramid convolutional neural networks, DPCNN) i@ i3 A Wi i & B9 25 , 7] DL B H 2R 2 R Y 3¢
AHHE . QZERC 42 I F BERT #7885 DPCNN f 5 3 A8 YU U7 i . 5 LSTMLCNN J7 i He 4R i 1
I RMUHERATE . (HJ2 . BERT SUJIZRER HOCTE T B B 9 SUARE B, AN BE 42 T 3 3R RO 76 1Y SCAHRALE

P %E b ) B8, A BIF 5T R iR 19 55 75 X IR (enhanced representation through knowledge integra-
tion, ERNIE) #5#Y , B 7 BERT #A FLfili b gk — 25004k A 17 R & 1 RE v 9 38 325 | 4] 4 45 5 301 U AR
B RETE A MU S VI 2R R TR (R B I 5] TR BE A R 2 1) 45 25 BUK B 8 1) SCAS K ¢ & L % S
A FEAE HEAT IR 2 R A S I, A4 13t ERNTE-DPCNN BB HE AT o SCSCAR 4326 4 3 o 32 T4 SCAR TR SCRAE (1Y fE
R 9 T SCSCA IR YRR

1 ERNIE & 5 DPCNN [ 4&

1.1 ERNIE &3

ERNIE A1 0 L[] e 7843 A F 325 )3k A S5 B 4 e BERT #AY , ERNIE A58 () g ik 3 20 )2
FEREMHLE] - . BERT #i%4 5 ERNIE SRR [ (1 565 S 4n 181 1 r7s  BER'T 508 AR50} 4 32 B 5 A 7 Ji
WHIE S 5 1 A 043RI I 2R 55000 24 v 1) i 4 ) g ik 5 0 B0 UM B 22 ) @S, e I 5 SO AR
i BERT A5 760 it #1178 5 458 15 26 19 1) 124 7 000 , 3 3 0k o o 4 7 948 35 719 0 =, R0 R 7 2 5 2 22 ) 9 06 R
INPRELT O T BTN AP 5 4 2 ) 0B 2R 5 i ERNIE A5 80 5R i A4 A0 37 o5 A R — ol 455G 36
PR HERS AL 2% 1) T A SUE BT AT A3 UM 5 TG DG R A BN P Y i
b B BTN R A N ™ ) DT AHE BT HE O o 49 6 4 4 A B A A AR 2% 2 1) 52 S A8 11 LR
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W4 JE G 14 /] F 564k R K/ g (batch_size, padding size) BRI A 575 {1 sty 5255 o051, ) » HiH batch
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0 = XwW; (D for B i B

K = ka; (2) xl’ [:I:j:l xz' :l:l

V = XW, 3 B3 Femas i oo
BRI AT 1) B S R A 3R L K e AR Y &5 Fig. 3 Encoder unit of transformer

R AR BE M RR o (S ARSE 5 ivd AR IE I Z5ad B B AT SE G (B0 B, NI AR AR BT I DGk . 205
2831 4y 2 4% (soft maximum, softmax) H—fbJ5 X AR V IR A B SRS B 508 A 25 & I & 1%
EI NS RE = wap =2 i
Jd

ERNIE 2 Hy Ji% J2 SCAS g it 25 R J2 003R G ) 2 3 25 2H 0. IR 2 9 B 8 — 4> 22 3 WU In] 19 5 46
FH T S U A 4 B iR A5 SUM5 L IS 2 5% 0 BERT (4 #6855 55 08 L % 3 BR85S B 4T 90 45 1 8
o )2 HR e 2 5 TR AR I UG B G Rl AR b, 22 3k 1 R ) 2 X IS 2 SOA G i A 1 A
— syt U HAMNIRE SUME B A el” ve” Sr AT AL 245 BOR G S AR B
A B iV sy V@Y ey Y TR UE B 617 L 650 . ERNIE 2 i 4 B R (batch
size,hidden_size) , H: 1 hidden_size Sy ERNIE [&ik 2 19 )2 %51,
2.3 DPCNN E

¥ ERNIE 25 — 2 % 7E  DPCNN 2 R 1E ST A , DPCNN J2 i 2 /& SCAR Kk A2 5 X —
SR R I H 7 Be AT — A R G i AR R AT 2 A48 K6 BV BURAE . 7 2 B U2 dom
ALLMEB IE #TC (rectified linear unit, ReL U™ /E Sy 10 oA EK , 38 55 4t 28 190 24 5780 [ R 2R L il 2 S 4800
AAEARATOCFR (] I bR 0 28 )1 2 308 135 7 L6 188 0 2%, G M B AU ol 4006 1 )t 5 45 AR 55 it Ak 2 =2 8] R
FBR 22 3 B2 S FE A 2 R R — A HERR A 1 A ER R N T 2 RUE (B R M R AR TR B R L
MR, 2 ARG 1 AL TR AL 1 B, DPCNN )2 8 &2 {f F 33k b 52 He gk B 6% il i S A
B BB AR OC R L i — B IR IOSOARRRE . 5 b 2B AN SIARRR N 1 N E V.,
2.4 HWHE

N B 2 AR U R AR ) A T 4R 2R softmax 4328 8 AT 40 28 AT A 380 45 Y i 28 T 11%) AR
IrREE R

7 = so[tmax( >Vo (4

G—1) (i—1)
{w swyt Y wy

N = softmax(w,V +b,) . (5)
KGO H cw, MAE RBERE: b MR B N by B 2850 1 10 SCAR 93 bR %
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3 KBS5SH
3.1 ARRE

PRI 3 A v SRR AR AR i g v R B ®1OBIEEEN
FEEHBE 1, Table 1 Data set details
T TR S AR B AR S 4w, e B4 K AR VIGE RuEgE kg

LM A 10 AN 45 160 000 &l 4% BT ) SO A B 4 10 200 000 160 000 20 000 20 000

B

W 4 e A S AR AR T HLAE 10 8P B L A0 7% 50 216 SR UINZREE .6 277 I UEAK
.6 277 MR .

SF% DU Jii 4 [ B PR G0 314 b 27 3 T 9T 28 5 401 K B 1 il Ui T 38 BHE 42 Hp L 9B R T L R R % B T
WAL E 3 600 Z& I ZREE . 400 SR UEEHE » i TR AR /0N L M B0 Hs 4 R] T 0 Tk AR A

ERNIE-DPCNN £ A 7 K741 K B2 3 8 o 128, B4t U ab 38 0 B8 1 K/ i ol 64, 2R AR B i
N 3.2 REE N 0,000 02,8 F A & W A4S 3T 4k 4% (adaptive moment estimation, Adam) 8 # % 2%
SR, WONZRBE R T T A B & A SN 2547 1 “ERNIE 1. 0 Base Hr OB, DI CAE R AR HEE A
BhA BB AR G A A A U GRiE R AR RLR T T 12 JER A ROEUZ 2B 768, £ 3T
BV SEOE R 12, B8 S8R/ 110 MB,
3.2 FFMEER

7 P4 ERNIE-DPCNN AU FE Hr SCSCA 73 2 [a] 31 (% 7] 47 P o A B 590 R T HE B 2% (AD i R E
(L) FEEE(P) VBRI R K Fy AHAE A TEAN 805 . HEH 23 DA o 20 28 20 T 45 R 5 FU st 45 2 2 (W) i) 22
S5 B IR A Ry 43 SIS 45 TN B 15 A ABE 238 5 N R R AE A T A U Ay TE AR AR T SEBR R TEREAS B ME 3 5 A ] 2 4
FE S BR A IE B REAS rh gl 000 A IEAE AR AR . Fy (B8 LIRS

F, = 1%° (6)

W= 6 FroRs , Fy AR K B 5 A B8 0 8 F1F- 24, 72 45 € BE T . Fy E BRI 1, SR PERE AT . X T
207 S 0 SCA SR S [a) L A 1153 & TRV 8 b B 7 398 58 b — 28 Dy TR 26 DU A 9 2R 04 O 128, T
W 22 0y R In) UL 4 Ry — 43 S Il L AT b B
3.3 Xz E

7 3k ERNIE-DPCNN 5 A 7E SCAS 73 24T 55 v 09 A RPE K FRATT 48 s A 40 2R 80 5 78 3] 1 g 4%
15 Y A AR AT 0 LR e, 6 E SR AR

DBERT BAL . 28 v U1 25 BERT #8415 3 SCACRRE J5 38 5 42 3% 2 2 A 31 43 28 4 v 58 90 S04
k.

2)BERT-CNN AL AERL AL 1) 0y FEfli b 4 Pl 2575 30 59 SCARRAE 278 i A 2146 B b 28 I 25 L Al
HE— 25 B RFAE BRI 8 2o 4 3 4 A i A A R S SR A 2

3)BERT-BILSTM 5 # ; Z2 5 1) rp () Tl il 25 A5 2] SCAR KR J5 AL BILSTM 5 7 4 i m)
BT B SCfF BT a4 i R A R R S LSO A

4)BERT-DPCNN #5828 #5570 1) v 1) $51 1] 25 455 80 45 3 SCAS R I« R IR B2 45 B 8 I 4% 42 T
SCAREFAE ) L AR p 2 R 2% rp 5] A JE £ M RellU 3% 3% oR 50, 0l T 4 3% B 2 M0 A 0 28 88 v S0 B0 S0 AR
k.

5)ERNIE #& A Wil 25k I “ERNIE 1. 0 Base Hh3C RS, B E 2 R LUK

RIS B B R B RIS B — B0 5 i T RIS A 1 25 S 1T G 3k B — B SR B
WS EE . R AR R SR 8 L% 2,
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Table 2 Parameter settings of experimental comparison model

P Y 2 BAE
e gt 2 J2 B 12
[T 2 2 5L 768
EZEN-WIL | NP 12
BERT I KV A& B 128
BRI ZRBE AR A5 64
AR 3
2] R 0.000 02
BEEK N/ MB 110
KV F K 128
BN G ARE A A B 64
BERT-CNN BRI !
& B EL 256
HBREREE KN [2,3,4]
P RE 0.5
KV A K 128
BERT-BILSTM BRI ZrBE AR A5 64
AR 4
RNN [ )2 )2 5L 256
KT H KB 128
BERT-DPCNN BT SRR AR A% 64
AR EL 4
LA E 250
Ko 2 2 5 768
e KIF A& B 128
ERNIE BEHE R Y ke A A B 64
AR 3
BB AN/ MB 110

3.4 REERS5HH

3.4.1 KBEHZER

BT ERNIE i SCA Gy SR A5 1Y -5 i o A5 0 45 0 1
Wrea bR IR B 45 R W% 3~5, i 3~5 WAL 7E 3
A RAE AR LA IO F5 AR B9 (R A [ R JEE i 42 7

ERNIE-DPCNN 5 RUFE 8] SCAS (9 _E W ) B iR i F 18
Bl Loy KA R P8 BE T 94 7%,
87.56%.63. 61% , % W] R Al ERNIE-DPCNN i %
T 3CA G JE B AT AT RAT S50
BERT-CNN,BERT-DPCNN #% %! ¥ j§ F CNN

%3

T 1 SCAR 73 S K Hia 4 1R 06 4 2R

Table 3 Test results on news-text data set %

B

A P R F,

BERT

BERT-CNN
BERT-BILSTM  87.94  87.87  87.94  87.90
BERT-DPCNN 88.74  88.77  88.74  88.75
ERNIE
ERNIE-DPCNN  94.75  94.75  94.75  94.75

88.30  88.27 88.30  88.28
88.61  88.57 88.61 88.52

94. 68 94.68 94.67 94.67

FOE AR BERT-BILSTM #5251 J& F RNN & JIA A , CNN 28 i 45 A 45 v SCSCA 43 84T 55 19 45 T 5T
FEAR IO (E AR B T RNN SRBIBERL, 15 B 1 7 o SCOCR 70 28 o B 3 3 0 A SR, 1 RNIND 2K G 4 700 B 7 o

TR EFSCHYAE B IR B R B B4 i PR RE

[ i BERT-DPCNN #5505 3 i) SCAS L W | 4 9 )2 ik

WEE IS BHE & 1A 2 55 T METf =43 1)k 88. 74 % .85. 02% .82. 63% , 1fif ERNIE-DPCNN 5 # 432 45 ]
B HERR R Bk 2 T 94, 75%0.89. 79 % .85. 12 %, i} ] ERNIE #i8 [y BERT A& BIUAFAE HE BUAE J) 5 .
DU AN L BT T SO B 4 b 45 4 R 43 5 4 SR G 4% T 48 AR 1Y E B i s SO 2R BE B B . A IR i
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PEIE RO 4R b A R I 45 SR 1 2% IURE O 915 b 09 (B B0 BT BB dhy T B 4R Mo R D o 8 ME R
Pf .

x4 W WY ECE AR R IR0 A5 RS ORUFIS B & R ER 4R
Table 4 Test results on online-shopping data set % Table 5 Test results on tourism-review data set %
R A P R F, A A P R F,
BERT 83.97  84.27 77.95  80.99 BERT 81.25  54.42  53.99  54.20
BERT-CNN 84.53  84.84 78.05  81.30 BERT-CNN 81.38 55.37 54,10 54.73
BERT-BiLSTM  83.85 82.41 77.74  80.01 BERT-BILSTM  80.62  53.55 53.19  53.37
BERT-DPCNN 85.02 85.94 78.56  82.08 BERT-DPCNN 82.63 56.12 56.00  56.06
ERNIE 89.66  89.74  85.44  87.49 ERNIE 85.00 62.63  61.47  62.05
ERNIE-DPCNN  89.79  90.05 85.20  87.56 ERNIE-DPCNN  85.12  63.66  63.51 63. 61
3.4.2  B3REFZAMB ALK LR K Ha
N TR IEME 23k T AL Y Sk B ERNIE- R 6 LTSRS HO 5325 19 B
DPCNN #4790 e SC AR 252, e B i A A 1L Table 6 Impact of multi-attention heads
S M) N Pt 1f1 1 0
F M BT I SCARBE B AT I L A R LR 6 on classification results &

NFE 6 P LA R A 2k g B A L p R Fy
S P o s L 4 88.77 35 88.88 88.77  88.82
SR BE T SCAS 43 25 00 SO IR R R T Y o so0s a1 0000 8995 5000
B M VR ML Sk B0 12 B, ERNIE-DPCNN 8  93.30 21 93.33  93.30  93.31
BRI 83 S B b, BB LR e AR LR R R 17% . F 12 94,75 17 94.75 94.75  94.75
(609 94. 75 % s M 2 3 v % H WL S BGAF] 16 B, ScA 16 91.02 28 91.06  91.02  91.04
A RACRIR TS HER R F A P T E . R0 4h W L3S 2 1 22 3k 1 B AL Y Sk k. i 15
T4 7 5 O £ 2 T 038 SUARAE L BEHE 5 ERNIE-DPCNN A2 %1 335 47 30 A4 2 i PERE
3.4.3 WMERHNILAS LT E

N T R ST BUAS BOTE R B ERNTE-DPCNN A5 FT WO RO 4 A T
B gE 7 jcjcz'gﬁ% Fo) 5% i 395 B R BT 48 P ﬂ% E $ Table 7 Impact of activation function on
JT (randomized leaky rectified linear unit, RReLU)" classification results %
BB 2R P18 IF B8 9T (parametric rectified linear W16 PR%K A L P R F,

unit. PReLU) " S 300 BR 8% . 5 RelLU 3435 26 %L RReLU 94.12 17 94.13  94.12  94.13
PEAT TR B b e A HA R b oA gy PReLU 9w a8 AT 90 s oL s 9018
ﬁ%ﬁﬁ?lﬁﬂﬁéﬁ%ﬂ% 7. RelLU 94.75 17 94.75 94.75 94.75
W 7 7T LUt ERNIE-DPCNN 0 R T3 3 A 800 56 H0H 17 SR 43 2 1 9 3505k (AT 17 29 g
17% . Forb SR FH ReL U 0 B 54T SR 4328 10 45 58 4% 090 B My 45 b 110 0 5 25 4925 358 30 A0SR S 7 E W
T ReLU J% B8 KOG A e VR FE 45 FEUIR) 2% Hh b JE 0 48 ) R 11 2k 76— 38 R E 327 T ERNIE-DPC-
NN B 47 307 4 K A HE B
3.4.4 FIRMNILANEGY

T ¥ 552 3 % 4 ERNIE-DPCNN B £ B8 AR R

SCSCA YK 10 B e BT 1 07 A Table 8 Tmpact of learning rate on

B AT IR I L 45 R 32 8 classification results %
N 8 FTLAE H fE— LB N BN E FAR A L P R F

A KLE R R P, (o E S, 0.0002 94,37 18 94,38 94.37  94.37
223 $ER 0. 000 05 B, ERNIE-DPCNN 4 #1 3 17 0.000 1 94.49 18 94.52  94.49  94.51
S AR AT R B I 2 2 I B Tk A~ 0-00005 9475 17 94.75  94.75  94.75
5 T e 12 3 2 o S A AP 05 L e 2 L F, i 0-000 01 93.68 18 9430 94.26  94.28
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AWEFERE ERNIE FIR B B 28 W 45 AR 4G 5 o A2 R SCSCAR 0 B . Oy 1 IR AR 2R 4 A 25 1k - 3
AT TRE 52 A5 70 5 Al 2 3 P SCSCAR 43 26 5 1k AT 8 X HE L VR R R Fy EF B A3 R TE 6. 3404
4. 826 45 W] ERNIE-DPCNN # R B8 A 2808 5 h SCSCA Jr R VERE . (E AT R IE A7 76— 26 R 2
ZAb TR 3 SEBE A5 1 RO 2 2T REE IS PR RE AL S A B 45 T v R 4R i i S B £ 2 2R
R BE 5 53 A BT AE 3] i) £ 387 R AE S B J5 T B AT — 2 O $ TH 25 18] IR 2 T —Bir Be AR A F 5 07 1ol
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