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A cross-language sentiment classification model

based on emotional semantic confrontation
ZHAO Ya-1i"?,YU Zheng-tao"* ,GUQO Jun-jun'* GAO Sheng-xiang''? , XIANG Yan'*

(1.Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500 ;

2.Artificial Intelligence Key Laboratory of Yunnan Province, Kunming 650500, China)

Abstract: Traditional cross-language sentiment classification methods based on machine translation
are affected by the performance of machine translation, resulting in lower accuracy of sentiment classifi-
cation in low-resource languages such as Vietnamese. Aiming at the problem of imbalance between
source language and target language markup resources, this paper proposes a cross-language sentiment
classification model based on sentiment semantic confrontation. Firstly, the sentences and the emotional
words in the sentences are spliced, and the spliced sentences are jointly represented by the convolutional
neural network, and the emotional semantic representations in the monolingual semantic space are ob-
tained respectively. Secondly, through the confrontation network, the emotional semantic representa-
tions of labeled data and unlabeled data are aligned in the bilingual emotional semantic space. Finally,
the most significant representations of sentences and emotional words are spliced together to obtain the
results of emotional orientation classification. The experimental results based on the Chinese-English
public data set and the Chinese-Vietnamese data set we constructed show that, compared with the main-
stream methods of cross-language sentiment classification, the proposed method achieves bilingual senti-
mental semantic alignment, and can effectively improve the accuracy of sentimental orientation analysis

of Vietnamese. The proposed method has obvious advantages in different language pairs.
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Table 1 An example of the COVID-19 reviews

in Vietnamese and Chinese
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i i i L
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Figure 1 Cross-language sentiment classification model based on sentiment semantic confrontation
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FRAE AT LUK R AR E — 25 Ak o DA T 41l B3 B R )2 110
W SCRHIE v/ R B QD) R IR
vi=w ev+b (14)
Hop, w' A 2SR B E R, b7 f 5 0,
v Gat AR R T 2 A RRIE 2 0 O A
THE 75 20— i Ab B, SR AT softmax 4325 pRAL
AT LATR SR Hh Fe R A 200 N (15) 3Rm R
p =softmax(v") (15
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I i Ja B R S58, mT K ) s /) B 15 RS
XFTh 0, ZHEALRTE R KA P IS
B SRS RN R L, (v sy) S HH ' Fly 5
I T )R 2 A R SRR . L, & PO
TEHfAR 2 1 07 SR . R, SR PO RUR i 2k
PR f /ML TN (16) R E
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4 SLBFMERSW

4.1 BUIBREMITMIERR
4.1.1 RAKEE

DUBR A 4 19 b d ok AR 5 STk (13 ] A
CLSC L Bl SRR L, SR B 3k 2 rw.,
CLSC % 4is 46 J& MW7 IR 1 1 5 4k 4 oF & 2K B
2020 4 35 [ 92 15 A OC 1Y B ] L 28 A 0T 90 B A
A E 20 334 Frh SCRUIEITIE RN 11 233 B 1F
HERF I 203 0 v 5 T Ak B A json 4% X S
2o — R 50 H A A B R AL B S AR AR DU CLSC
Bn 4 B A 0 - (b sca) - SO IR L AR A
O R Gl g 1) B R T IR L o 0 € {0, 1,
2,3,4},
4.1.2 ERPHEE

A SCHY ST R AR R SCHR[ 21 ] iy 70 T 5%
Yelp PFif 01 54 48 91 R 0 T A AT 6% I 25 52 F0
SR 4T # . 65 J1 4y I T U R A 50 1 4y T 5
E . TP SCEE 4R 5 T AR SO Lin TR 107
v BN WS AR R UESE L 75 AMAY 15 7 & K bp
10 A L I TS AR SR D
4.2 EMIERREESHIEE
4.2.1 B4R

A SC Y S50 PF A 48 A Al ME B R Accuracy |
K516 Precision B [MZ Recall M F1 {&, &2 Af
M Accuracy A7 WA HoaF 5 2 2000 B n =X

HANTRSRS 2023,45(2)
A7)~ Q2O FRH .

Aecuracy =TEETN). 7y

Precision :$ X 100% (18)

Recall :ﬁ X 100 % (19

F1 =% X 100 % (20)

Forb, TP R7- 52 Pr o4 1E il B W5 245 % 73 2 1 41
PIREARRL, TN FR7m 52 Pr g B0 H 9853 28 4% )
NI IREARL, FP R SEPr o IE 4] Hon 2K 4%
X153 R S B FEA B, FN 3R 52 BR A 6] B9t
I3 e 30 o3 IE A Y REAS K
4.2.2 BMULAHEE

SRR T pytoreh 19 VRJE 2 5 RE 4R, EL{K
SRR MK 2 PR,

Table 2 Parameters setting

2 SHEE

RS 4 S
Pt Adam
L 4 Jig 50
Mazx-epoch 30
batch _size 100
dropout 0.2
learning rate S5e—5
Kernel _num 400
Sequence_Kernel _size [3,4,5]
Word _Kernel _size [1,1,1]
Kernel _num 400

43 HEEBSIHERSH
4.3.1 ARpAER

AR IAEA 5 Train-on-SOURCE-only, Domain
Adaptation, Machine Translation, CLD-based
CLTC F1 ADAN 45 JE A LA T % HE S5

Train-on-SOURCE-only > # & ; Logistic Re-
gression Al DAN 7EJR 15 5 iy B 1714, JF H
PURSEXUE )it A BWE (Bilingual Word Embed-
dings) XF HbRif & #AT 702K

Domain Adaptation #£ %, 7E 3 A& N P, ) 12
fifi ] Sinno % BRI IE A Z2 50, PO B 7 B
B (650 0000 19 — k=S (a] . Pt ASCH H S Chen
SE R Y mSDA HERUA A, JE S X W T b 1T
W HEAT B AU I S AR AT SRR L
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. F Machine Translation CLSCMS #i#I, 1R
PEHLESBAPERY 2 AP ALY Logistic Regression+MT
F1I DAN+MT Al A SCRERY

CLD-based CLTC(Cross-Lingual Distillation-
based Cross-Lingual Text Classification) &% ; Xu
SEUTERIN T — A S TR R U CLD BB % R A
RIFEAT IR R L SR I 25 B ARifi & CLD-KC-
NN (Cross-Lingual Distillation-Knowledge-aware
Convolutional Neural Network) , 73— H T
— Ff g 3k (9 48 & CLDFA-KCNN ( Cross-Lingual
Distillation with Feature Adaptation-Knowledge-
aware Convolutional Neural Network) , i% 78 14 F|
FHRSCPE DI 250 5 A0 P88 5 R H AR TR & AR il
R ARICSCA Z (8] B S8k 25 B,

ADAN ( Adversarial Deep Averaging Net-
work) AL 2 BRI AT CNN R GAN At 28 16 2%
M Herf CNN 52 $2 BUR) 7 P I AR A . GAN £
T 2] MR IR F REE
4.3.2 IR B G5

S 1 Xof A S il S A A 1 AT RO R AT B E L 7
IR AR PR BB A A R . SEE s R ANk
3 FR

Table 3 Experimental results on Chinese-Vietnamese data set

x3 NHBEELHIBER X%

iR g5
Accuracy 40.23
Precision 40.06
Recall 42.77
F1 40.34

R T B EAR SC T B 0 3k T G SO B
T W B i 0 5 5 R A AR AL 1) 3 A AR SR HE SC
IR 13 A0 1 2 LB s 4 1o M g e R 1 - AR S
RRH” 55 3 i v AT A8 (1 M BB AR X L X BE S G &
RN 4 FroR . SEER R B TR EGE SO LI A AL
PESZAE., BARGHr 8 R nT .

(1) Train-on-SOURCE-only & #i 5 % 1
Logistic Regression fff bR i B9 M5B 27 > 55 %, 1l
Ab S A SR PEA TR ) — AN JE X P A &, B DAN
B, BRI K MM AR Z —, 5 SA-
DAN # Lt ANIE T IR 15 5 1Y SR B R R B, X
W BWE A B KRR,

(2)mSDA WRIIF ARG TEHJ), X Al g &
R A 45 mSDA 78 N AV 22 40080 17 A5 8 4T S Ay
et P ) 8 REAE T 3 T A L3 RS A - AN G AR S

HIAE S5 K 2 FhiR & RO SE AR TR, X SR BT
{2 38 A 3 B S REAE CLSC AT 55 b fif T B
WL BWE,

(3)SADAN HERIAE 2 Ffify 3 14 2 3 1 Tl
e T AL AR 3k 3R WY AR ST ) XA B AT LA 3
AAEAT H bR R RS B G0 ) AT
W E WY,

(4) 5 CLD-based CLTC i 51 U AH tb 4%, 7]
LI AR SC SADAN BRI rp SCHERR R AT T 8%
$2 T+, CLD-based CLTC 5 £ fiff JHI 3 47 20N 25 75 5
— B AT U N A S A
R AT ST S MEAE LU IR T AR SC SADAN A Y
A Rk

(5) ADAN BRIV AV AT 21 SO 5 1A SCHRE Y
13 B BUH 1 2 SO 5% MR T AR SCREHL A A7 A4

HT I AT L o AR S 73 S TR Xof G Al S5 v A Y
HA e B R

Table 4 Accuracy comparison of models on

yelp dataset and Chinese hotel dataset
R4 yelp MAPXEEHFEE EEREBENL X

Hom Tk
Logistic Regression 30.58
Train-on-SOURCE-only
DAN 29.11
Domain Adaptation mSDA 31.44

Logistic Regressiont+MT  34.01

MT_CLSC
DAN + MT 39.66
CLD-KCNN 40.96

CLD-based CLTC
CLDFA-KCNN 41.82
ADAN 42.49
AR SR 45.65

4.3.3  FHaEAR T A R HAE A R 4k

T UE W7 SCHR H Al A A R O K S S 2
T I I3 0 AR SCREAY 9 A5 B4 L A SCHE TR
TSRO B b AT T — TR R T S L S 2
AN 5 JroR ) RGR 3 7n R A I IR
B4 & 85 18 55 I I 2 L LR TR A P A IR S
BEAL A

Table 5 Ablation experimental results about

the emotional words for splicing

RS5 HEITAHARRANHEMIEER %

LR
DU I 48 LIE R EE S
()1 8% 36.74 40.07
(AR SCBEAD) 15 I R) 40.23 45.65
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HI 5 R, 78 AR SCRE Y v il A IR DF 1%
I, BT A D A B R R R R T 400, i
HEUE B L TR B 1 5 A 55 24 b DA i T LR
T SCAS B RAE L T4 w5 1 A R ) M 6
4.3.4 A B AT AR A F 0 %R
Hy T HE W A SCAR e 1 (X I A B ke A
SRS IR 5 1 o AR SRR AL Y A7 R L A S
TERCYE AR DAEAT T I8 75 %A XTI 45 B T R s
By, SCEREERANER 6 From .« (O XS 517 s AR AL R
PO 46 5 B R A6 58518 7 26
Table 6 Ablation experimental results

about the against network

Ko EEAEXNIMEHMIBER %

H Y
ST E TS R A AR
X 37.09 39.98
A SCAE T X 4T 40.23 45.65

12 6 Al A £ A SORERY i, 25 fiff TG T 19 4%
B WA R A . i E R AR S TR S AT 5 2 L )
Pl ] DITE—E R ERLE AR F R iR L],
4.3.5 B BT KL B A LR A A 00 e

O T E WY B A TR A S R A R B
175 I3 08 AR SR 4 A5 5 5 AR SCAE DU Hh
RO g LHEAT T B IR K RE B B0 3 Rl L
SEEGEE R 7 PN, ¢ (mean) 1 8GR F AN B0
7 A N G5 v 15 D 0] 9 7 240 R BE AT b 5T Ok A
S5 T RN L ¢ (mano) T IR AN B0 R R 40
Y G5 13 TG 9 e R JE R AT A0 57 R 4R RS IE
Y%

Table 7 Results of the ablation experiment

on the number of emotional words

K7 BRANHEMRIHRER %
fom m@m% *%%&%ﬁ%
HIRTIES IRTIES
(mean) T J& 1 - 54~ % 40.23 45.65
(max) 1§ 2% 0] F5e KA 39.77 43.78

M 2% 7 AN FE R SCBE AL p FE JEOR E IR ) T
Y FEA B A BOR S L R R M ADAN 45
R — 5 $E T, U I 155 J i) D 422 1 A 00T LB i A5
TR AR 3, Y 1 JER ] DR B A BOBGZ AL TR b A R ]
B 1 7 24 B, A R A5 R S B A A

18 8% 1] P 1A B0 3 0 2 18155 1M G R AR A5
BN YR AT IR BT GF 1 43 28O . T R 1 n
FIZAL A fe K BCR I AER R IT LR 28 P . 3

3 Yelp BT IE RS A1 rb SO I A C B9 P8 20
SRR ABTEDF 2 T % AL K 0 13 1837 7 K EE S
BERD e B R WA W] R T, R R R T
45. 65 U5 3 24 Bf 152 0 155 ) 50k A ) HE v I B FR
] FY ARG o A AT S R B X DL BE A PR
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