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blem that the traditional word vector model cannot obtain the complete semantic
ork model cannot take into account the extraction of multiple associated features, this

sentiment classification model combining ERNIE (a pre-training language representation

model enhanced by knowledge) and DPCNN (Deep Pyramid Convolutional Neural Networks) / BiGRU (Bidirectional Gated
Recurrent Unit)-Attention (ERNIE-DBGA). The left channel based on DPCNN is responsible for extracting the long-distance
dependency representation of the text, while the right channel based on BiGRU-Attention is responsible for extracting
the text time series features and key information. In addition, the ERNIE model is used to provide dynamic word vectors.
Finally, the information features in the two channels are concatenated and fused to obtain the final text representation. The
experimental results show that the accuracy of ERNIE-DBGA model is up to 97.05%, which is superior to other comparison
methods, verifying that the model can effectively improve the performance of sentiment classification.

Keywords: text sentiment classification; ERNIE; dual-channel; DPCNN; BiGRU; attention mechanism
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SCAR AT SRR SO 10 4T SR ILAS A, R A
EMIFIE RS R ORI T IR A e S i, E8T7
A RAA SN I . ST AL ) O vk SR o 2 A
B, ARG T R SR 7 A MO T 5 24 i 655 A [+ 3]
AR AR P P 7 AR i 1207 A fRT BB BRI R, AR 58
BT HLERE X T R A MLE 2 > A=A ) R AL, PERE AL
T A S (BT TR ARCEE N N SCRFFIEEATAR IS, Frie iy
NLRA R, i H N AR B St 2 2 0 2 S L
BT R W7 R AR S BRI — 8% 32, Bl
Z RO T8 I (8 P R P 2 I 5 R R A e, AR
AHEHHZMZ(CNN), FEFHZ R 2 (RNN) LR JI 1L 9
WA, ZNTHEMAEEIER, %A AR 3% 3C
AHTE R, SRkME GebLAR o 2] BIA T N T B AL Y 5k
Wao SR, EiRT5ROUCEIE T SUAR P ERANRAE, X R E
AR A 2 RIRFFERYIRUR T2, (5 RIEIZRad
FE b2 o Hh st .

FEA BRI, ASCHR I T —Fi45 A ERNIE, DPCNN
FIBiGR U —Attention iy XUE i# 17 7 KA . AL A
ERNIESRHOCCABRG a8, — 75 @ i DPCN N HOLA K
BE A s 55— 7 TR F BIGR U X 8 A SCAS 2 51| 147 s ]
L, I FIATER IIALE ISR R A AN R ] . SEHR gk

WHA SRS FR S TR TIEFL,
2 FBXMZ (Related research)
FIARE BT A RIS T

=, Zlijd%th'H@Eﬁé*ﬁﬂﬁweibo_senﬁ_l00k$ﬂﬁ?§ﬂ 3

R, BT BRI LR O R W {EME S AET
a1 38—~ T 45 453k A 38 A 1l It S SR
XANRER, BIAISIVASANKA Z AR EAREZ

AR ERSCRER, ST —Fh et p ST A LY 1 5 15 1]
B, B IRAZTT IR RE A3 5 AN ) U R 19 IR M vER 1, (H
e N AL B A 1] L AT) SR A7 A TR 78 2 B R A 0 SRS AN v
S, BT EGlEs > B0k EEAIRK AT AR(KNN),
AN DL (NB) RIS R RHL(SVM) S, T304 i A3 I
ST RRN SR PR 2 RIEATTT,  SCAR 7 JE I ERf A3k
FI97.65%, SR, RITIRMB TSR FE AL, FERAAT
T BRI A SCAS 1 I

AR, WEZ EARET B IEEF MR, B2
IR R SUAE By R E Tk, BIEEHM A%,
B P Ao 25 0 248 A1 T AL 190 4 25 . KIMIHR s CNINSE 24
T IR TE A A LTI BUE T AR . KHANZY
FI I CNN—LSTMZEA4 X} %7 b B JRER TG RN 91k T5 & XA AT

IR, EMERE B RENNARY, RIR G2
RUREAS SR T B M MER R . GAOZE R i —Fh T CNN
FEAUFIBIGR U %) 2% (1 R A A AL FH 1 SCA Oy ThI S A, 55
I 48 BRI A CNN+BIGR U B AL 4y KU T4, WS
B RS (T SEAL L S B R M i, S
M T AL, F I 2B & /5 A B R G 5 b8
1F45 . I AT T U Y R T B e
A IRARE, BEAh, T CNN, RNNAIEE HHLH S
AR 2 W, BHUVANESHW ARTZE R tH—Fif
FFBILSTM H W& 1946 B 2 M 45 (BAC)EAY, I CNN
FBILSTM H 82 3 W8 SCA 1 43 45 4E I F VR L
W ETXEAEE, YANGE E A TCNNAETHE
MIBIGR UM AL T SCAE I 2, TELN10T7 424 24 M) 1 L 5%
Bl BRE S LTI, JPRINE R AR B
SR RHIVERE . 2 TR th Ty 22 3 AR A
) B BILST WP g€ 2 T SO i, ZE A
%%ﬁﬁ%tﬁgcéﬁﬁﬂﬁ%%ﬁ%ﬂ%o%W%M%
U T SRR AR R WL B e 1
NAFEEIE G BTSSR, SRR 42K
R T IR RS SRR IERNIEARL BURIEL T
. BiGRU—Attention XUl B R AE X P SCAR A TIE
ERIONITRIIN

ERNIE-DBGAZH!(ERNIE-DBGA model)
AR E TERNIEMA AW HEDPCNN/
BiGRU—Attention, J\AL5HG HEARBEK: WMARE. Bl
ZOESHAE | RRERIUZ . FRIER G 2R S B g
F 53 RPN BRI HEEE . 7o BT DPCNN M 45 f) i 56
F T SO K PR B AR AE , A0 B T BIGRU W 48 FivE
BEHUEI R, TR T SO AR A R A e A A
K, MCANIGETE Y R B0 2515 5 B AU ERNIE 58 B SCA Y [4]
#{b#7R. ERNIE-DBGABRIZEHINE 1R .

e [ Sotuar |

SRR

HERIE i

AR [T Cod Tl - [l
F1 ERNIE-DBGAH A 4 # &
Fig.1 ERNIE-DBGA model framework map
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3.1 WANE

e — BB SCRIFY, ZTALERREE = (w, wy w0,
Hohw FoRESUARER i 5, Rk ATIZE S B8
ERNIEZHEAT 7] & 2l
32 FISESREER

ERNIE" AL DA H 41418 5 B (BERT) D JEfif e 7
1), METBERT, ERNIEREHSHEHE]E 52 815 MIRE
B AEHERNIEVE RIE SCGRAEBAL, X HCRIEHE1T T
S, ANETBERTH SRR, ERNIERFYIZREE $ %
TEAISE AU B — DR IR BT — M, X RE A T AL R A
TE2E ) RN st IR AT A EEHME B . ERNIER NFEE R 4%
H1 22 J2 ) 28 [T # (Transformer) B9 4 fith 5 (Encoder) 3 i 2 1
i, Encoder/Zfl&rself—attentionZ fifeed—word network)Z
P4 . ERNIERYEERLEEM AN EI2BTR

[ Input embedding
w, w, vee w

| Sequence of text

A2 ERNIEEE A &34
Fig.2 ERNIE mod
3.3 4HEREUE

KT SCA 7 A B AE BAREL, A SO T AN IE IR AT
RSB S5 , W0 T B TR R IR B G NS BN B B e R
%, EMRIRE &7 B & W % 454 (DPCNN)FR B AT
PR AOBE S, A MR T IR WL B8] 4 06 21 BT
(BIGRUAt)RBEUCA &R B R SCRIRMEEF R,

3.3.1 DPCNN{&H!

DPCNN 1 JOHNSON"7¢ [ 4415 5 Ab F(NLP) T % £ 1L
HACL 201748, ZABUIR T CNNPMKERE, EAS
HR R KT E#E, DPCNNATL S N3 TR, Bk
A UK T 5 £ 0 B R AR Ja 5 4 h K kA2 (Region
embedding), &5 1% A B WA B2 E BRI B TR ok £ LAY
HRHU(block)d, BEEWMAZIGM T FORFMEL LN
W, il AR AL 2 (max—pooling ) #ATIRAKIS ) SCAHY

ork map
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Fig.3 odel framework map
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Fig.4 GRU model framework map
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BRI EEER,
34 FHIREERE
FRAE Rl 7 J2 8 0 AR R D 7y 2 OR ZE M DP CNINASE B A i 1Y
FAE [ 7! A MUBIGR U AttASE 7 A5 Al AG 47 AIE 1) £ 72 il 2 A
—ANEERE, BRSO EAIGEENE R, fJaE RS 2R
FHIERR, THRRIET:
v=[rr?] (1)
3.5 WHE
it 2 R Hlsoftmax 7y K88 HEATIH—1k, FFRFERL & 75 32
118 SUE B V™ Asoftmax 2 i BEA TR e 4,y i 3RAS 05
FTARRAY AN, MR R, HEREA
W
y= softmax(WV* +b) ()
Her, WoARERR, b RHIRED, Y ARG S i i 2
G5,
3.6 R
ALY GRRR R S 1Y RSP TR, AN SOR I A SUR 5 2R
B % (Binary Cross—entropy ) A& i i ) FL S 45 3R -5 80 B 7
MEE RV AFEEE, HE S m & 3R A (BP R L) > LAY
2R, ERRKAT

Loss ==Y y;1g§,+(1-y)lg(l-y,) 3)

i=1

g5,
4 30554 #r(Experiment and analysis) ‘
4.1 SREHHRE

A SOR 2 AN EARE AT LS,

SEHHAEL: R AT EIEEwel
119,988 Zeir B AR 2 i WA, Hp R
A A R59,993 %, TR TS 59,995 %%, B Rtk
IR HAR S IR B, XTI E LR 2R
FEAERGA, I DAAR SO I D 3R 3 =X DT LS A 9 R R e
AR SCAITHIREYE, ERURL, @ A4 EEH & HiE
bR E R, AR ESEERER TR, AL S R EL
PRI B INR TR,

x1 B BIEEER
Tab.1 Partial data set samples

. iER

kBT S
— R EL I T AT T AR I A A T
a E e
i eIk B HEA 2 RSN R R A A TR

IETER R B A R A

SCIRRAE2 . R I 2 R IOSAR B P VB ZACR 7T
WA, HoafFER, 1, 2L iR/ spit s/
RTRAWAE, TR E T RSS2,

o, y, FE b B R ﬁ%@%%sﬁm&

eI B IOT 0 REL, FIEnE 4 B LA FORBRIEE,
2 BRCAT NERIEE, s, hT e AR, 7
T ER Gy BNV A ™ B AFFIO R, B AT X
PREHEAT N TATHRZ: . Bboh, BTIRHUEIBRAE R, &
ARBILEXMEZRITE, FXFHECAETTEE, o
IESFRAREVARME, R ZARBEAR P FNIH AR IE£ 4510, 000
o TALPRE ORISR RGN R 2B 7R

R MABEEHRK

Tab.2 Partial data set samples

i SR
Bk AL AR R A RS R Stk
g SOOI R At 5 0 51— PR
(AR IR KSR YA S5
AR Km0 LT AL, Sl il gRse. Bk
EMMALE, =FITiE BN 8:1:1. Bl
WR3R,

RPN EIEEFEE
Tab.3 Details of two data sets
N *UII%%/ %%

IR Ve S| Ve S
95,990 11,999 11,999 119,988
16,000 2,000 2,000 20,000

AT F FHPythonfE MRS IIIE S, Pytorch/f hsLiGHE

48, SRR ARSI BN RAPTR

F4 RERERE

Tab.4 Experimental environment configuration

IFRAEE i
Lt Intel(R)Xeon(R)CPU E5-2603 v4 @1.70 GHz
AT 32.0 GB
TREE2E S HELE Pytorch
Python 3.7
Ff A%k utf—8

43 XKSH

BT 2 B0 T3 N 18 S S50 4 S ARG JBE 7= A B SO o
AR /M E L E T#E(Mini—batch  Gradient Descent)
PEATREERL)IZR, SR AdamfER LA, H R M H4FE(Early
Stopping)iik G it . H A% G 1] [r] A5 B H 7 ) o 22 O 8%
ALY R ] vp 3R] [r]) & (Chinese—Word—Vectors) $2 {37 [7]
B, A BR300 48 R le—3, RFEFRHO.1;
AT ZM 2 (Text CNN)HERZ RS A2, 3. 4), &
TR ECH256; RNNHEREUZFHIERCAH256, EECH2, H
TN Gri = T 5 A 26 P 25 AR e, ERNTESR F F RERY
ERNIEL.0—baseH XI5, BERTR A #KHIBER T—base
SCTYIERL, A SRR S HOR B AR SFTR
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Tab.5 Model parameter setting

BB R Bt
Batch_size_datal 128
Batch_size_data2 32

Hidden_size 768

Pad_size 64

Learning_rate S5e—5

Dropout_rate 0.1
DPCNN_filter_sizes (3,1)

DPCNN_stride 2
DPCNN_num_filters 1,536
BiGRU_num_layers 2
BiGRU_hidden_size 768

14 TRTNIER

AT FE B IS A S I S5 R AR, A SO A R T
(Macro avg) FRUKEHAZR P (Precision). 7 [H % R (Recall)#l
F1{H(F1—score) I #ERfi % A (Accuracy) PU-™ i A & 1% k43

PR EMERE, TTRRARXWT

P TP

 TP+FP “@
P

R vy (5
Flo 2xPxR '&

P+R
P = P _pos+P neg ‘ )
RMacro (8)
FlMacro (9)
(10)

TTP+TN+FP+FN

4.5 KIEXFLLEERNSHT

AT EHITHERNIE-DBGA R HERE, A SCBEE T I
LT L SEG . 55— 2H SEUG T B B AT 45 P Y R B AR DA
IS AS SO R A 0 PE s 55 2R S0 6 HE e O [ ) ) 2 A R o
1A AT 2B R 5 28 = 2H S U0 R 6 AN SCHE AR Y 4558
TEXT 25 R R 5 56 DU ZH FRATAE T w2k AR AR B0 7251
HER S,
4.5.1 1ERSHTEEIXT L SR

AT IR AU R S R, A SCTERI SRR oy
FBEE X R, HAr, XTI R i Chinese—Word—
Vectorst i [n & .

TextCNNW, SCANRKEFM B ML, AHEERZ &
TR, B SO B BB B S S EAR T

LSTM". KAEHRHEIZMLS, 115 AT B Tet i

4
%.

BIFF IR, %3 AR E T XRE KRR,

GRU™. TG 3HIT, FELSTMpERL EAtk TN EB
ghiky, VR TN TR AR R T,

BiGRU™. X | 19 AEFF B TE, (i Bl A1 A0S FIGR U
W UARER, HJa R IR0 m EPHE R R AR R AR
TR,

TextRCNNIY, FEIRHARZ I, [ F IR ZE IR B
AR R, RS R RS SCARHME IR I EE(E A,

BiGRUA!"™, BT AHLH f R [ 130G 8T, R
FHE B WL B 75 4 B A 2B (5 A5 28 e H 3] B2 R 1) g R
FHIE

DPCNN", fIFEH & F SRR M L%, ARSI

B AR R R .
ERNIE-DBGA; 73,
RO T A 3 E—-DBGA#R 555 184 34T

%q:zz—:ﬁmﬁfﬁa@is@ . ME6TPAF i, ERNIE—
DBG A% 75 % SR HE 2 T 1 45 I EE A 46 4R 1 3K
BRI R, TOxtCNN., LSTM. GRU, BiGRU,.

TextRCANN, WCNNﬁBiGRUAMEEQ, ERNIE-DBGA
# '%ma@%ﬁ%ﬁ%mﬁﬁ%%ﬁam—%%zf'

1 0. 9%. 0.91%. 0.87%. 0.56%. 0.82%#F10.66%,

2 PR FIEF TN HER R AR RZEE 5 172.35%.,
2.20%. 1.95%. 1.56%. 2.25%F11.70%, Hittal A
i, M AR R AT S A R SRR, A SO iR A

& TR RIERERE , R T A ORI A A R

6 FEMERD KRB LER
Tab.6 Comparison results of different sentiment

classification models

ik il Prard%  Ryuro/ % Flyo/% A%
TextCNN 94.88 94.88 94.88 94.88
LSTM 95.25 95.25 95.25 95.25
GRU 95.34 95.33 95.33 95.33
BiGRU 95.38 95.37 95.37 95.37
HdmsEl
TextRCNN 95.74 95.68 95.68 95.68
DPCNN 95.44 95.42 95.42 95.42
BiGRUAtt 95.60 95.58 95.58 95.58
ERNIE-DBGA 96.32 96.24 96.24 96.24
TextCNN 94.70 94.70 94.70 94.70
LSTM 94.74 94.69 94.70 94.70
GRU 94.89 94.84 94.85 94.85
BiGRU 95.16 95.09 95.10 95.10
HimsE2
TextRCNN 95.50 95.49 95.49 95.49
DPCNN 94.81 94.80 94.80 94.80
BiGRUAtt 95.39 95.34 95.35 95.35
ERNIE-DBGA 97.08 97.04 97.05 97.05
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4.5.2 {7 2EEITLL KL

R T RGN R ] ] A AR S A BRI R, A SCHE R
AN EHEEE b3 BB L SE

W2V-DBGARHL . R A1 ABEAY(Word2Vec)# 251
RV IRA R, REHASGEEDBGARA il 4,

BERT-DBGAKRY: RABERTIATIIGE S HAUE
A, SRIEH ARGEIEDBG AR 1)l 2R,

ERNIE-DBGARERL . A H,

FeF R [ 3] ) AR AL A SR LS5 R AR TR . M ELE
SRR Word2Vee, BIATILE S HEBERT R H A
TR IS B Transformer g hd 2%, 456 b T EREA
SRR R, AR T Word2Vec FFHER)—1 £ 3]
B, MFETAEL, BERT-DBGAKIA L W2V-DBGARIRY
TEEHE S VRN BSOS 522 A DO WA Fe dr & R i s, 1
HH T R By ST A S TR B0 785 T 1) R R A e 78 7] ] R AR Y
e, $EBE R 4 S EEE R IERR, AT
RIS FE B 1E SUE B, A SUR M A sh T 2515 =5 A8
FERNIE(E Mtk A2 . tHILTBERT, ERNIEMI T /6515
SCHVREATT, A SOAS o B RNE R RNA S A AR 2 R, R
AT IR R G, LIRS R B IR,

R7 AEE@RERENITLLER

Tab.7 Comparison results of different word vector @ Is
WA [ Pytar% Ryt % Flygo/% /9

A
W2V-DBGA 95.43 95.38 95.38 5.38
BERT-DBGA 96.05 95.97 95.97 .97

.24' 96.24

pie S

ERNIE-DBGA 96.24

W2V-DBGA 94.97 4.95  94.95
iEiE ) BERT-DBGA 95.90  95.90
ERNIE-DBGA  97.0 . 97.05 97.05

4.5.3 ZBERBIXTLL K

R RS AR A v A T XS B P B R, A SCHE R
AR EE b a3 B X H e,

ERNIE-D## . HTFERNIEMZEM B@EEDPCNN
A,

ERNIE-BGA#A . ETERNIER 4 Ml 5 i &
BiGRUAttE R,

ERNIE-DBGARR; AR,

F RN [v] 3 1 A A A SIS X L 2 SR R8T R . RS
A PAEE, MHEEEMERNIE-DERMERNIE-BGAK
B, AR ST R SGE E S B KR ERNIE-DBGATE
BE S LA R 42 2 b iy & VRN SR AR A B4R TE . M A
HIBEERNIE-D#4Y, ERNIE-DBGABRIFELMBIAT H

BiGR U M £ A = AL IR SS A AL, W] DA AN EE SC
7% H Y B ] ) R AEFL C SR ENRARAE , A B T — B s iR
WE R ENETEE UGB, JEm KRS 28T, Mh
HIEERNIE-BGA##!, ERNIE-DBGABHIFELMEIA T
DPCNN#AL, a] AR AR HRE SOUA B BE s AROBURRE, A
A TR SR P ESE EF MG E, AR R,
g Bpng, BT UEEMERNIE-DBGARRIZE & T HiAiliE
BRI AL, BEUEA RORBUCA h Z P RERFFAE, 75— 2%
FE ERR e R
8 B WMBIEE AT L4

Tab.8 Comparison results of each channel model

iERHE oy Py % Ry Flyo/% Al%
ERNIE-D 96,24 96.18 96.18 96.18

HnEl ERNIE-BGA 6 96.19 96.19 96.19
ERNIE—DB@. 96.24 96.24 96.24

ERNI .57 96.54 96.55 96.55

2 ERNIE() 96.62 96.59 96.60 96.60

RNIE-BGA  97.08 97.04 97.05 97.05
4.5.4 4 ﬁ\? Epoch) B {E S2 46
P R ECEBE A G P — AN EESE, EIUER

B M RAMET R, RLRAE RS RO B 5L
AEYNGRAE R, e W BT ME A R 10 A AL ol B A
URESANYE I
MESTTUAE i, epoch A AL b 206 7 JE i HEAf 37
W, BEEepochUEIGIN, BEALERRLE FIHESE, X
epoch=3If, WERFRIKFIRALIAT . 05% 5 HepochHUEFFLEHE I
W, BEMER RGNS NI SONR_ BT, BEHERIFRTES6. 5%
ET/NERE, TR, MERTARH, iR epochUE
REA BRI - R HERR I, 25 BT 3 00 52 % M I [) Bl A
SRR, RIKFepocht BN,

97.5

97

©
o
n

HERIZ /%
3

o
i
n

95

1 2 3 4 5 6 7 8 9 10
BRI
B5 T Fl ik Kk o 2 v 2
Fig.5 Comparison results of different iterations

5 Z5i(Conclusion)
BEXT SUACE I8 AT 55 A G i LB TE vk 7 A AR U
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RGBT UE R, LAR AR GETR BE 2 2] B ALK A R F IO A
FPo i 2 8 RGBT, 2 T — AT 3h ST G
B AU T Rl 1 SO I R AUERNIE-DBGA,
AR I ERNIEAEHHRA R, 222 SCRAIRE R, R T
BAURIG IR 2168 5 RIEWBE S, R, & THETDPCNN
FIBIGRU AttAY -7 1 28 0 25 452U DASR ORI i 5 SCAS P K 3
BEHRAER. EFCREEEMEHREAMEER, &ERA
Softmax 7y KL AT N, AR TIHEG RS
YT . AR R TR, & R AUR L
AR REIBE U SR, e S weibo_senti_100k 1
FUR R PE BRI R A R, SRR R R AR 1
Y RUE JE SCA I B R B S AR 0 28 PERE . TEARORAY
TAEFE BB A EREEZ R 2K, AR IE
VAR, DASR I T R A HE R R A Z AL RE
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