Modeling and Simulation ZE#£ 545K, 2023, 12(4), 4195-4200 Hans i
Published Online July 2023 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2023.124382

A& BERTFIZIR BT M A FR SRR

xEH, AR
P TREEARKERESS 2205, i

Wk . 20234F5 260 FHER: 20234F7H22H: KA H: 202347 H28H

R

EEESR, ELPRHS HEN, XEELFRY RNEEE), AR IRELWHER, RES
SRR RHAE TR E L2 T ARES WEARE, [EE—EE IR EXHE U B RRIEAS
Fagr. SHRTEMEE, ASCHRH—FETBERTANNIR B HIREITARL . ARELE SR R S0

REEREAE R AR, BFIABERTHT AN EN, £REE EFCBENFERNHTANE, REET
é}@%&'ﬁlﬂj BRI, SRRY, ZXERHEETIANATHIES ERT THHR, AASHEE
X

X 5in
fB&44r, BERT, EE, siHEE

Text Sentiment Analysis Model Based
on BERT and Knowledge Graph

Feiyu Liu, Weiqin Yu

School of Mathematics, Physics and Statistics, Shanghai University of Engineering Science, Shanghai

Received: May 26", 2023; accepted: Jul. 22", 2023; published: Jul. 28", 2023

Abstract

In recent years, the number of online comments has increased, and these online reviews are widely
involved, and they are professional in some specific areas. Deep learning models have learned the
common expression of natural languages in large -scale corpus libraries, but for some professional
fields, it is not sufficient to rely on context to extract semantic information. In response to these
issues, the article proposes an emotional analysis model based on BERT and knowledge graph. In
the input, the model uses the knowledge graph to inject expert knowledge, and then use BERT for
quantification to generate a dynamic word vector containing the above semantic information, and
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finally output the emotional polarity through the full connection layer. The results show that the
model proposed by the article has improved accuracy on several public datasets and has practical
significance.
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W 2645 B R [ R R R T T RIS S I 2, FESMME-T & H P EOFEI K4S R, £
PR E MR S HEN. £LTPRPESEFEENEL, MURHEHREHFWY R EESZKYE, W
BN T AN AELE O E R N R . AT, ST RIS P T A A B SO C A RO T K
B RIS I EETF R —,

SCANE R 4Tt Nasukawa 558 A\ T 2003 4F 15 (R HI[ 1], G007 70 3 1A% 2Aa] S [ 2] AN 3L T HLa% 2
T3], ARIX AR IR — R PR o 0 R TR 2 ) AR AU ) KB %, B FE
W H 2% H R AR HRIE S 0 . Bengio Z[4132H T MEIE F B, 455 820018 5 AR 7
RTWZE K. EHIEA L, Mikolov Z5[5]1#H T word2vec 1%, Pennington Z5[6]#2H T Glove fi#Y,
SR AT IR A i 14 1] [7) 2t T V2 i 5 V08 A 2R A T eSO UM, R o AR e — 1) 22 I 1] 3, DR Peters
SE[TIHREH T TR S RAER ELMO AR, X A B SR i N s S ik AR B T B UE R,
HEA R B ENERE R, S8 L UM R 1 15 75 T8 AL bR 2 IR R

B A v T ML AE B R S A ) ey, B TN ORI R R R REIE T B ARIE S A B . Weid
E[R)¥T 1 — PG 2 Sk IEASTER I Bi-LSTM HE A T4 HUA) 1 Hr R B R 15 Bl v . T £0 4246 (9]
THT —Fp Rl 2 RO A ARFITE R L 0015 B4 B A 284 PR T 0 32t 5 I e A i P AR 7= it SR BB Mk 1) S
B3 . Devlin Z8[10]32 ) BERT BLEY N H AR TE 5 A H K JEH R T HRKRME, ZAEAIET Transformer
HRH, A VR ML 2 2] SO TR R RFAE

EORTR 2 SITERG AT M 7 e R IR AT I PE R, (HBE LA B () m MR RR PR AN ok, 7R 18 ERIE I
AKFFE NZEHNAT, x5 R 5 U T VBRI SOA, UKEE bR SCHE A TEVE 78 40 $R L
FE)TFHE UEE. Bk, AFE RTINS BREE MR B 5 IR R . Donatas 45[11]i# i
Fh AR RETCAC AR, 5INIA I IHLE],  DASREBURE & U8 SR BEAT 15 & 0 i . M 75 5 [12]
S50 I b 1 B U R IE SR DU VAL T RHIE A AL EE, RS54 BiLSTM. CNN FIVER JJ AL HEAT 5T
AAE ST

AR B (Knowledge Graph, KG) [1311EA—F ARSI RIRE, AR T AN & U0E H A kN Al
WL AE, BABORME CGRIERE ), RN B SR SRR A Al G, T DA B B R ON Hb 3 A
SRR ETE FE . AR SCIEX A AR 1 Atk T E T — RS BERT AR B S 1 B o A 2

2. AT
AR LA BERT AU A 1A ST R i ] 1 s -
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Figure 1. Sentiment analysis model integrating BERT and Knowledge Graph
[ 1. B4 BERT MEHREIEAVIER S HTREY

AR SCARE RN, B AR S HOE T 2500 L FANREN B SRS, IR il & sk
RR AT, 5 R DO SCAR A N RFIE, TR 7250015 B FEREEAT A7 0, A2 R HR
HISCATR AR RN BEAT DR B, AL SRR SR RS BEAT I . A58l BAESS ), 8id BERT BAREAT
RHIE I 5 0. 70 282 S 2 R R AEHEAT 4R A . AT 58 B R AR 55 o

2.1. FHREE

IR A SN ER R B SR R L2 TR 96 SR 2 R KRB R B, AR i — P A 5 ) B 54
(5 28 FIR T, SRR AL e = o, R i R R F B S I S R i, 1 RIR SR
) {1 % R L5 B o ASSCAd 2038 1R 33% 41 4% CN-DBpedia [14]41 HowNet [15]. CN-DBpedia +& H & Bk
SR A S50 2 R — AN KU P s 3 1) 7 Fob s P sl i, R 2 20T 0 A S AUz A o
R ZARGNE AR 4EH T RHE SO E R R BRI AE S 1 BRI, B NG B
PEHUH R F52 . [FIF, 0 T4 H s, e 7 B A AUE, R T RUEEAT TR E IR, il
A B E=JuH e H ARG EHE . MAh, X RGR PSR S R AW T A, R sk S e
SCSEARTCXS, A EEH B S A FOBE AL, TS B R, R R T O SR I SR SR 2 v B M AL
PRI AR AR SR E B B8 AR . HowNet A& — AN 3 KBRS 5 F1R IRV ANE & I35 5 SR e, b g
AN SCIRIEARTE T SR TG AT AR T RS AT O RAEL, ARSI R T AR Sk A4 R K
JE/NT 2 BUE A FRIR R =04

2.2. BERT Tl Z4&H

BERT ARG A RIE SHETE N FEEQH A, — & Transformer 51, —2IiE 5 (Masked
Language Model, MLM). H:H* Transformer #& — Bl T-VE R Sy AR B2 2% SR8, BN T
1) A48 BART B SR A AR S N IR AR R W . W R w9y i 1A 1 A S A T
Mg, k. v:
q(i)=wx(i) (1)
k(i) =wx(i) @
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v(i) =" x(i) 3)

2) ¥t s k(i) 5SHFEGFIER M E R W E q(7) T RO ES S, A ER A
softmax [ PN 7E ML 115 2B [7) &

duﬁiggﬂﬂ )
o exp(a(l,i))
Li)e==——7""= 5
a( l) Zexp(a(l,j)) ()
3) MR E KON 1 B AT IR A
b(1)=2 a(Li)v(i) (6)

MLM B ABR RIS T e 4R, RIVREATLIE o — &1 70 (0 A\ I AR 3R A (3] T i 2 JR) 2 2] SR P
SE N, FESEILIERE H X S i K SEBR R PR IR AR IC[MASK B e 1 IXFERAEREZE MR 1 HiI 256 5
TR SS AVLEC R A, SO s 1R 22 5] B SUE B HIRE . XFERIEIESE MR 1 B R S ORE 5 A
DLECH ) A, M5 AR 22 5] B SR EIAE 0. O TSR B2 A RE 71, IR AR BITA BIE A RN
H I MASK ] #r #1172 F 4 5 8, B RO EE B2 80%, RT 20% 3 25— R BEAL #1746t
A EAR AT 4. NSP U2 3t T ] At A\ PR A 1) 572 75 D9 BT ) AR 9K Z ORI AR B ) 1
[BISCRIIRE ST, ZALSSAH B TAE RIS R FIWHESS EHS RAFACR . XUAE F B IE & BERT Il 2kt
R BAT 5 KSR AL RE 0 ) B 2 R A

3. KBRS HR
3.1. BiE&E

AR S S0 A FH A B R I 25 B A TR T8 B 510 =B R B 4R, 0 6 TRAA Y 50952 R B 11 VG
JEVFR B SE . IMDB S B 4R A S PR B #E(Book_Review). HUEEMBLINZE 1 FTR.

Table 1. Summary of data set
= 1. BUREHRL

LGRS A UER S IRz S B E4E
T P 10,000 6000 2000 2000
IMDB 50,000 30,000 10,000 10,000
Book_Review 20,000 12,000 4000 4000

3.2. fEEscug

NTIUEASCER T RlE BERT FVATR IR 1A R0vE, e P SRk (0 1R 8 25 ST AR DA R A
TEAH [F) AT R B A BT AT X R, FL

1) CNN: F|H word2vec #AT XA I &AL, CNN AR HE AL ;

2) Bi-LSTM: F|H word2vec 47 XA M AL, Bi-LSTM A HE U SCAKHIE ;

3) Bi-LSTM + Attention [16]: FF word2vec 47 CA [ &4k, 7F Bi-LSTM F3E At 78 nvE = S L]
HEAT HE— D ARAE SR L

4) Bi-LSTM + BERT [17]: #IF BERT Pyl A s SCAR I M R, R H Bi-LSTM 3REUK BE
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5) Knowledge Graph + BERT: A SCHrHE H B AL, ] F 0l I O SR 46 SCAR T AN A S J6 58 iR D3R
BOCAH B E 18 K &R, IR BERT #EAT 1] ) & (1) Pl 25

FRYETH B PP s A0 A, A SR VI 2R (Accuracy) T N i AR AL E BE AP bR o AT f Sz 6 &5
RN 2 Fios.

Table 2. Results of experimental
2. ELWHER

HER (%)
Ry .
IMDB WIS book_review

CNN 88.32 90.06 85.21
Bi-LSTM 90.10 91.16 86.83
Bi-LSTM + Attention 90.85 91.48 87.05
Bi-LSTM + BERT 91.15 93.30 87.51
Knowledge Graph + BERT 91.22 93.87 87.54

MERFATLLE H, AR RS BERT 5 %018 B 1 B IT B AE = AN R4 RS T R
IR . IR 5 R ] D43 50, Bi-LSTM A H BRI T4 48 CNN, X2 [N Bi-LSTM 528 i) X0 [r) i
ML T ERCEE, BAERYE BT EMLE CNN B E GRS, mESINEE IHLEE,
Bi-LSTM AU AR5 SRS R (O AE R R 3 IR T T 0.75%- 0.32% F1 1.02%, AT LAE HEE L REfgim
b A R B R L B R S DR TS R R RE . R, @Rk LhAS A BERT FIZR(1 Bi-LSTM LAY AN
f# ] word2vec HEAT SCA A B4 Bi-LSTM #E Y (1) sG55 T LUE i, KA BERT HEAT T ZRRE 52 )
FITEIRIZ IR SCARE S R, SEmt B ERe . A SO iE BB T- 454 1 Bi-LSTM #1 BERT H#5 4!
TE =R BT R AR TE T 0.07%. 0.57% F1 0.04%, KBRS R i R4 4L o in == & 10
JRIG RN, SRS (AT AR, 7R Tl PR AR K TR LR A ST R BV AE SR I BRSBTS
JEVFIRIERE R T 5 AP AE R T Lok S kil B SR 0, DR R P 1 8 P e A W S 4R
SR (R B S TR T R VTR A R S5 R A AN TR 4 i AU, AR AL R B TR RO AN R
4. E5i%

AT o A GEiR FE 25 ST RAE o Ml AT A A L 516 6 T A R T, e 1 — A 5 S iR 1 A BERT
FISCAS S IR AR, 2 AR AR SO A6 e B AL 2 BT R E N FIR B 2, 1 1 B0 Ry
fERILRE ST, HAHEFIN BERT S BUOCATE UG BAAEL MG, fnilid 4 5 2 R OO 17 )
Ph o ZBEAE =S ATTEE R BRI SEIR A R BB 1 — @ 4T, IERT TR A Rk . SRR Y,
TR EESCERMGRAIRZ G, IR IBRRe I A Aot 38 UE R .

AL, 0 TRl R B R R R, RSO B R R 2 KRR B R RE 2 (8 A i 2 IR
frE R, PR AR R D . B H AR INRI IR A 5 I e T, TSR (R0 R, PR AE
ZJi PR A v 7 R SR S ) A S e R A R P
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