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Abstract: Aspect-based sentiment analysis aims to predict the sentiment polarity of a specific aspect in a sentence
or document. Most of recent research uses attention mechanism to model the context.-But there is a-problem in that
the context information needs to be considered according to different contexts when the BERT model is used to
calculate the dependencies between representations to extract features by sentiment classification models, which
leads to the lack of contextual knowledge of the modelled features. And the importance of aspect words is not given
more attention, affecting the overall classification performance of the /model. To address the problems above, this
paper proposes a dual features local-global attention model 'with BERT (DFLGA-BERT). Local and global feature
extraction modules are designed respectively to fully capture the semantic association between aspect-words and
context. Moreover, an improved quasi-attention mechanism is used in DFLGA-BERT, which leads to the model
using minus attention in the fusion of attention to weaken the effect of noise on classification in the text. The feature
fusion structure of local and global features is. designed to better integrate.regional and global features based on
conditional layer normalization (CLN). Experiments are conducted on the SentiHood and SemEval 2014 Task 4
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datasets. Experimental results show that the performance of the proposed model is significantly improved compared

with the baselines after incorporating contextual features.

Key words: sentiment analysis; natural language understanding; quasi-attention mechanism; contextual attention
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Fig.1 Different influences of context words on sentiment polarity prediction
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Fig.2 Overall architecture of DFLGA-BERT model
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SCR AT 55 H B HERAE Ace . F1 LN AUCH
YR VEH T8 b, X T 5 T O 1 1 T 43 A A 55 A S
A % F1AAUCEVE N PEM AR bR . AR SO T
eIt i BERT ZEATH0M , -1 ) &2 2 A0 12, 4
JEE R 768, TEAS SCIOARERLIZrhr (8 H] Adam 7 R Tt Ak
%, W iR 2% 2] % A 2E-5, batch_size iy 4, dropout #f %
k0.1, epoch & 20, 78 W5 /> £ 45 4E 5V I 11 25 s [
319 h,

2.3 5L 1: TABSAIT 5%

BT H AR 15 25 TABSA B 2 iR 51+
H X — N8 7E S (target, aspect term) =<8 &
75 1 (aspect category ) ()55 18 M U 3 e 2= HE ) R
AR Gz AR AR AT S SR A B e T
Y E N TFARIT I B AR A A (MR TE LIRSS, A,
P, RS BB R T XA HEGE R
WRTE IR A% 7 X A T T A B I IR, X< 2R HEY

7 3 5 THT A T A 1 U , A T A A U S E A
SEARTE H bRy T A AR P . AR T T O T
BT ABSALE 55, TABSA ] g H A SR T &2
TN (18 2 S AR - T T 2A% S0 X ) SR 1

J T EEAVEM AR SO e E — R Lk
FR i BRI UEAT LA, IR BT

(LLR: —Fp HA 250 JSIB L M B AR 211 2 45
= o2

(2)LSTM-Final™; Ruder 2§ Afdi FH] 73 J2 XL 1] K-
#1012’ 2% (long short-term memory networks, LSTM)
X PEVE Hh AT - (A ELARAE & R PR AT A

(3)LSTM-Loc™: Tang %5 A ¥ H b {7 B HH 56 Bk
(A PR Tl AR A 0L [ 312 Do 2 A

(4)LSTM+TA+SA™. Ma %5 A\ 7&K 48 13012 M
gl A T BERZ AT 2T Z TR
il o A7 R DG ABE A 14 8 TR IR N A THB I A 2
FR) R JEE 1 22 ) 285 1y i 2 g I v

(5)SenticLSTM® . Ma %5 A ¥t SenticNet™ A4 #h 5
SEGIAFBAZ b LSTM+TA+SA L it T2
JAR

(6) Dmu-Entnet™: Liu % A A2 HL#% [ 5210123 5
AU () foB b JR 1) )i e, B T — i (9 8L [ Entnet®™
TR R G5, R FH AR PO AR5 FIAE 3R 1) o8 7 B AL
il A R B S AR

(7) BERT-single™: Devlin 25 A i% i1 h 18 i B¢ &
Bl T 2 B 224 B SOR BB 4Rk B AR bRid C
A TR Z A ) R AE AL T BERT XS H 48K 5 R AR
HEAT 2R I HEAT H AR 5 TS B B

(8) BERT-pair-QA-M""Sun % A i BERT fi
T 2 FEAE 2 % A9 S Atk B A I T T ] R 1 — 1 Bl
YK D5 T BRI H ARG e R R

(9) BERT-pair-NLI-B™ : i 1< M J7 Ifii i8] 44 i — 4~
BhaT ¥ A S8 AT T AT 55 5 ol A SR8 5 HEHEL

(10)LCF-BERT™. Zeng 55 A\ fifi Hif X -5 R I
(SRD)H Jaiiffs I F SC-5 1 ol 33 JC I 155 J% ] o

(11) LCFS-BERT™ . Phan % A 25 & ial Pk kA 5
TR S FR A AR S AR 2 5 il
AOPERE o B2 0 A RO I R IR A AS R G 1] Y 67

S B 5 T IR B R M

(12)Dual-MRC®"; Mao %5 A\ 3T = Ju4H i i HUAT:
Foo K3 T WAL B 52 3 A7 (machine reading comp-
rehension, MRC) [m]# , -3 1o BR G I 2> S UL =
1) BERT-MRC B A e fiff phevig 2 i HE 22 (14 i A5 AT 55
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(13)DualGCN®Y: Li &5 A H WU TE 5] 4 FH o) 28 A5
R0 S ARk R o SR G

(14)CG-BERT™ . Wu % AJLF | F X8l &40 Bl
M E R I ACE $E B 3051 % i BERT 5 # CG-
BERT, 1] LLEFXF AN [R) (4 L SCEF 5% F i W Ho o 5 1
T SCHERBE X 5 TR A5

(15) QACG-BERT™ . Wu 4 A %} CG-BERT # !
PEAT Bk, 4 ofE TR B 1 1 CG-BRRT #5248 , fifi 1
BREAR A 2 > (1 320 v SRR Ry B0 T 0 43 B

(16)DFLGA-BERT : A SCHE AU, BEF BURRAIE il &
R BT T RS 4 R R AE il BORE B | 72
A3 1 R AR SCRE OCEE o I — Rl
(Ui 1 7 U N3] DFLGA-BERT H , fifi A il 27 2
FEE T B A v B R 1 R T DA 55 SO AR I s
7 A ) AL THT S

P2 JB/R T BERIAE Sentihood 54 4E 5 1 1Y 5216
GEL, ANF 2 BTN, 76 R L L AR R | 3 T ARRAE
AR 2 58 8] H 43 26 d 1 eI R 2R TG )
BrAE 55 o Bl dR B HAE G R 28 RO 30 i A
ORI L T 2 R BERT IR 19 S L AL,
ARG G LR 2= 2T D7 ik b th T T sh il ERRIE R 2
Feth  EAN T BN A 19 45 18 T AR TH & — AN
FIEFE . K IICAZ 28 Al 2 J5 , Ruder 28 A2

2 FRERA L (TABSAL 55)
Table 2 Comparison of experimental

results (TABSA task) A7 %
Aspect categorization Sentiment
Model
Acc F1 AUC  Acc  AUC
LR — 39.3 924 875 905
LSTM-Final — 689 898 820 854
LSTM-Loc — 69.3 89.7 819 839
LSTM+TA+SA 66.4 76.7 — 86.8 —
SenticLSTM 67.4 78.2 — 89.3 —
Dmu-Entnet 73.5 785 944 910 948
BERT-single 73.7 81.0 964 855 842

BERT-pair-QA-M* 79.4 86.4 97.0 936 964
BERT-pair-NLI-B* 79.8 87.5 96.6 928 96.9

LCF-BERT* 79.0 87.4 958 928 946
LCFS-BERT* 79.2 87.1 97.0 . 925 95.0
Dual-MRC* 78.1 86.9 95.8 © 93.6._~96.0
DualGCN* 79.6 87.7 97.0 934 " 96.2
CG-BERT 79.7 87.1 97.5 93.7 97.2
QACG-BERT* 79.9 88.6 97.3 938 978
DFLGA-BERT 80.6 89.7 97.8 949 97.8

T BB 4R 1 A A 2R LU IR T R o AR SO EGE S
OSITF AR FEAS SO B FRBE T S LAY 45 2R 7 3o, AL 2524
SUM A SIS SC. ARSI —" R s R i Y S0 25 28

Fl Ma 5 NP5 J5 R 43 12300 LSTM DL ACK: B A5 )2
A TR EE S AR LSTM | #5R1 # A AR Jy
T 55 L bERE 2 T4 T, T LSTM
(235 1 Le A T B, HLR 25 18 A I A {5 B, or 28
5 AR IH AN AR FEAH . BERT-pair-QA-M #1 BERT-
pair-NLI-B 1 8F Ff] BERT B RIAE [ SR 1E 5 i 3 1 7]
AT S5 B, T 10 b 3 1o F 3 B R B Ok R
AT 55 e 3l [R) B4 55 0 1 AR 5 AT 55, 76
07 TAE Ay AT 55 /Y Acc #8454 7+ T 0.07~0.11.,
LCFS-BERT .CG-BERT .QACG-BERT W #{i%it T &
T 1) T 4% 245 ) N TS ok 7 | 5 A A5E R il 2 Ty 1 )
15 1A BT AT 55 220K, 43 R 4% T BERT 38 K A9 4E
OO T A BB B S, DFLGA-BERT N 2 4%
58 A R AR RRAE AR 42 Jm) I SCRAAE I L 3, 78
T2 Ace FTAUC I+ FB3RAS T H [ ab FE 28 5 1Y
USSR . TR T 38 (AR TR A figt e T 3] 1% J8% O3 Bt
5% EIEFHEET) .
2.4 9:352: ABSAL 5%

T 07 1 (5 O HT AT 5 ABSA B YR 45 5E C
AR L Ko SCAS v RT BE B T T S AR S A 2
1275 T ), T 2 5 1 ) 7 SCAR H ) e

TE ABSA 1T %5 7, #4439 DFLGA-BERT #5271
57 SemEval-2014 %45 5 1 3R BLHL 75 19 JLA> B AL i
17 Ee g o 7F 7 TR AT 55 v AR SR 40 28 % FH Y
Precision .Recall . F1{EAE A fif i 48 b , 76 77 1 17 243
M7 T, A SCRF Ace VR PR 85 , 25 R B /R T 4%
RUAE a0 2 (BB T M) = A 8 CRUA , o, 3
W) U432 (B, rpop T A L gDl A B, S
sk AN 3R .

H TR VEM A SCREAL D e TS — R ALk
Fldn Se i RSB AT T3, AN R BT s

(1)XRCE®. Brun 55 A/~ 41 T & SemEval-2014
1545 4 Ky L 11 T 356 F 0 1w /9 8 B i &R
GU1 W4 R G T — A 10 i A 2, SRR AT 7R O R
L o 28 fn S b5 B R R 28 et it & H 1
7 T80 28 SR T 288 R Tk 24 R 5 R A

(2)NRC-Canada® ; Kiritchenko 4 \ % SemEval-
20144T: 55 4 VAd YOG T Jr 10 4G A % T 155 8% 43 A
() oo

Al FE AR ] S5 1 R A R TR

F 3B T &I 7E SemEval-2014 584 |
ML, W2 37/~ , XRCE Il NRC-Canada 5 % j&
Brun Z& A\ ®fi1 Kiritchenko £¢ A %t T SemEval-2014



Z R % BT BERT BMUHERN & E R N B 5 H1H B AT R 213

#3 IR (ABSATTE %)

Table 3 Comparison of experimental

results (ABSA task) A%
Aspect categorization Sentiment
Model — -
Precision Recall F1 Binary3-way 4-way
XRCE 83.23 8137 8229 — — 781
NRC-Canada 91.04 86.24 8858 — — 829
BERT-single 92.78 89.07 90.89 93.3 86.9 837

BERT-pair-QA-M*  92.87 90.24 9154 954 89.3 853
BERT-pair-NLI-B* 93,57 90.83 92.18 95.1 88.7 84.6

LCF-BERT 93.12 90.61 91.77 — 884 857
LCFS-BERT 93.03 90.22 9217 — 889 86.2
DualGCN* 93.22 90.60 91.79 95.0 88.4 86.2
CG-BERT 93.02 90.00 9149 943 89.9 856
QACG-BERT* 94.38 90.97 92.64 95.6 90.1 86.8
DFLGA-BERT 95.26 92.04 92.60 96.0 90.1 87.8

T B RS B 1 B A R DUMLIR St B o AR SO g3
ATF B RIBTEA SCEL IR IR T R IS5 R " 3R, HAb 2R
S B FIRSC, AR — "R FOR R B LA R

55 4 BT 1% 56 5 1T 0 A LA B 1 14 8% 43 A
(5 2545 , BRI HIE Z TR BE 27 2] I 4% (HAR 58
F TG i R AR TH AT T ANEE 1) B St, h Z )5 11 2
FRAET S E LR Sun 2 A ME A
BERT fHft 28 FAF 4 i 1) B Atk -, 38 1k DAy 1 1) 4 1
— A~ Bl a) o 7 T 8 B A 55 e 4 ) 24 A AR
T HEER 3500 ) BERT AR R AE 4 A1) 1 X HT 55 F
PR/ T < R N | /5. X 6 o ol v | I
95.4% 1) HERM 22, B AL () P R O I T 3k B OB 7E i
AR AP BE . LCFS-BERT W& T4k lfi e R T
) 3 A X B R IR Ak AN A G ] 1) £ THT R W, E = 4%
KR AT S FARTH T LA A Sr o A SCBAY
FE 7 T TAAS DU %) RS ff 3R 7 [ e AR R B AR T L
2R R R T 1) S 56 45 R, Macro- 13 Wu 25 L1
) QACG-BERT & A B AIX 4E-4, 717 B 73 KA 55 |
AR 5 PG, UE W T A Y A i e T T i) A R
Mt S5 LR RE T o
2.5 SLHRET A B

LA RO F A SCHE Y 2 TOBURE fiE Al
B VR R 10 77 T8 S AR TR X R i i H
4 JEy R AE A o0 BB T T ) SR fF AN 2 J e iE 1Y)
i OB e, RE f% i 548 T BERT 255 1 )46 I 05 16
135 B BT AT 55 L1 B, 78 TABSA 1155 #ll ABSA 1T
55 LAERAT LA AR o e — AR SORE B Y iy A
SE 3R BERT 78 Ab 3 SCA 43 2 AT: 55 B BT 22 5K 1 e A
M 2, i R B M) B BERT 7615 XAl My T 19 408

P, H T ABSAAL S il TABSAL &5 il T4 K A
J7 11 1] (aspect) 1 H 45 50 (target) O % M5 B, 70253
5 10 3% 38 119 SA (sentiment analysis) T 45 B & 24, B
TEOR A% G2 19 BERT TR A5 15 I AS fil 52 BAE 780
REMIE K o AR SCIRHE AR A T Scdg e, it R
Al URSE Bk /D 1 3 B Y BB R B R
328 1) )X TR A A G S Ak T T 3 A R
HIBETT o (A B 1R T4 JRy R AR il OB B, 2 kb JR
A il BT 222 s 1 B 2 e L A R T 1) B AR 56
(3] o A PR Y BRORR S A A T SC Y RRAE [
FEASE INANE SUE B 5500 T R I A R il A5
B H= R CHERIER A B BCR 2 A 50020
WAL L5 M, E W T AR R ARk, B T 4F
TE LA B B B AR AR % o A 5 T 1) 040 G I 195 J% 40
JE L AERIAS T A H T 2 i 4 S 2 A T G 45
2.6 SLEBE M

T K% DFLGA-BERT # /Y2 3] 5 ) 42 JR B8
197G 850ME , AR SO I ZR41- 1Y) DFLGA-BERT A5 ALK
AT ) — ] FHEAT T AR M T Ry Al
AL JE R, WL S T 7R o 63X AN A) - H AR SCOE i 1l i
T “book version” ) 1 B M Sk 1E | high #H X T 77
A1 1] version & — > BRARCIE BEAY 1A] |, D AR T
J1 09115 R high 19 8 1 3 7 43 £ hardcover #f AR
o HERL ) B SGEBE S L high 5 price ARG,
It FL 7R BT 017 At | R e mT D B0 o R R
F157 85 L high (A 738080 T 1.0, X B A 7EAR SCIRA T

Bl5 Mt A2 vh 4 (book, version) il % 114
TE & B sl
Fig.5 Example of attention weights extracted
from test set of pair (book, version)
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DRV B 50 g 1) A RO 2, B 445 31 version B
2 A5 T hardeover 3 HLAB B PE A 1E . o TR
JIFEAE AR W] W B B AR RRAE Al G 22 5 5 43 6] A T
B8O 0, Tay 48 AN UFE 18 3C “Compositional De-
Attention Networks” 2 DU X} [ SR 15 75 Ab BEAT 55 19 4
B A5 R g8, e T T e f e AT kRS B L
S TEARTE Y BN SCIESE A e A 1S M T (I
IR DI T3 HIDC IVAC: ) I RE = WA N2 N S
IR J7) , P T 1 i) 23 B A “high” (8 DG 1 B
X AER T DFLGA-BERT A5 REAT 25 it HEBR I 43
MRS T, U8 Z s s A b — 0 A H G 5 2.
A BT IS WG B AT 55 B R L
2.7  HIEZF "R E ok s iy

MNIE 6 A] A, TEAR SRRy F 1T ) (attention) H,
ifii 17 “book version i1k & f FEAEP T FF UK “a
hardcover” ) & “a bit high” v, i1 T [ 1 2 S 4053+
8752 3| softmax pR A FR ), 13 3 1 20 BO Bl 25 0
AGTE[O, ] X 1] P 308 475 s T4 fige oAy 05 T ) 4 2 M U
T B KN IE A B [ ) T R 3G
) A B ECERR T 0, X FoR B sk 2 s A 2
“HEOCTE” R A S B A MR R, 5 n R
5, N A T R 69 £ 2T, “a hardcover” Fl “a
bit high” iy 5C 1 £ AR AR &5 , I 4 “a bit high” i1 AR A AT
B TE d5c J5 78 17 17 J8% 43 2 1 468 g 152 T Ol 2 “book
version” % S a5 I0T , AT S BSORE AU T 45 SRR oE A o
] DA HE " 7F 7 77 (de-attention) 1 £ BE i 55 , “ i VE =

Pl6  FHER T 55Tyl B i
%f Lk (book,version)
Fig.6 Comparison of visualization between
attention and de-attention (book, version)

T3] T AR B SCHEIRTE X, B 7 # a bit
high” .10 & 175 8% , /6. 5 “book version”7E i 55 F A%,
R L R AR 0 S R e i P T ea
hardcover” , ' & 1E 1% J8% 43 25 1 0L 5 I, 35X TF & A4S
SCAR AR B R 1Y o
2.8 SRD B HM ik

N T R FE AR A R G B 2 X DFLGA 5
P52, LA B 5K DFLGA BB 7E 25 > H i 45 1 1
4 SRD B B8, A 37 W AN s 4 Bk AT T T
SRD B {f a F1 5 5 85 UL M AR A B B W) S 56, DAV
FAE ARG B0 R W e T8 A SC B A o o M
Joj A5 R AR £E 1) SRD i 2l 0 %1 8, 414K SRD [ i
a } 0, WS bR SCAE T 5 i A B, g5 R R 7
K 8 7, I 5 HE 5 N Seq, A7 HE By Deq., 7EAS
WY FL RS2 B SRD BIE AM, BT 19 S 50k 2
oxy—8. TS g Bk sh, A SCfE RO 4R
R T 2R, LS B R OF 4 R AT H A
&1 7 F1IEl 8 W] %1, TG it J2& 7E Sentihood % 4 45 i J2

17 A lil @ T DFLGATRH E (Sentihood)
Fig.7 Accuracy of DFLGA under different
a (Sentihood)

K18 Al @ T DFLGA %5 )% (SemEval-2014)
Fig.8 Accuracy of DFLGA under different
a (SemEval-2014)
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SemEval-2014 s 5w, 18 ¥ 510 5 2 10 &R # R A
T FRAAEE RS o 4 BB 3 B I i) A fige A AR Yk
S ) AR 4G
2.9 ik g

9 T 4y Bt DFLGA-BERT #5 %1 45 4> 41 4 1) T %
P, K %+ T DFLGA-BERT 3¢ T TABSA 1T 55 #ll
ABSAT 55 ITH Al 250, S IR 25 19 TR 4 T 5.

#4 DFLGA-BERT ilimh9:85 (TABSA L 55)
Table 4 DFLGA-BERT ablation

experiment (TABSA task) AT %
. Aspect categorization Sentiment
Ablations

Acc F1 AUC Acc AUC
w/o CDM 78.8 86.5 97.5 93.1 97.0
w/o L 79.0 87.0 97.5 93.0 96.8
w/o G 78.5 86.8 97.0 926 96.5
CDM&L&G 80.6 89.7 97.8 949 978

T WI0” R B, G AR 4 R AR B IR A, L AR R
FRAESR IS, “CDM R 3 | F S0 ah AT,
#5 DFLGA-BERT <245 (ABSA T %%)
Table 5 DFLGA-BERT ablation

experiment (ABSA task) AT %
. Aspect categorization Sentiment
Ablations — -
Precision Recall F1 Binary 3-way 4-way
w/o CDM 93.27 90.12 9224 956 89.2 86.0
w/o L 93.41  90.05 9197 951 894 857
w/o G 93.83  89.78 92.06 944 887 854

CDM&L&G 9526  92.04 9260 960 90.1 87.8
T wio” FoR KR GRS R R AR IS LR R
FEAEFEHCAR , “COM U B R Ul 48R

HIZ 4 M 5 T LIV 2 #7521, s/ THE R — 1
Bk, DFLGA MR AR 2 I BUW] B A9 R I . 42 Jmee
AU il BB S 0f AS 75 4 R 0 S8R S R e R, IR T
A Ja T SCRRAEXT A SR TR 5 B AT 55 00 F 24, A X
T 38 ) Hh T ) R SR s ] AR B AR, LK
B o FIWT o S 4 ) A AR 9 SR s ) Y
TERE Y A AN B A i Ty, B 2R SR B I il 2
e 20 (4 3Ty, Lt 2 RE MK G 4 SR TR LRI et
FrRIWT o TEASE R B R b e AR o SCRRAE TR 1 L
R AR AR AR AT, 2 JRy 1 SRR AR R 984k 4 T iy i S
HAN B 5 Y, o 38 ik BE I 20 e <0830 114 3 SRy ik
{HL 25 S 2 W 35038 A 1) 3 1 R i i BBUASE R AT X
DFLGABERIAE SCHE o it [ IR Rl e g, a) LG
IIE DFLGA 25/~ T B AE AT 55 7 B A 2

3 HifE

AR SCEF X M i T8 R I B AT 55 A AR TR
B T T DFLGAREAY . AR 1 YK Je 3 1
B LCF 55 4 Ja) R AE Al BCAY TR BT SR )
25 AR G AR A% A% H AR RS S T T 1Y) 1 R Ry
TIE o 4 Jr) ) 0 Rk ek LR 199 18 1 4SS 70 R A% e Jost
4TI A [R) As) 3R A Ry SRR AR ) Bf o A T ok
Fl 55 SCAS M R X o ISR B2 o SR T PR AR Y Y 3
GARAF AR EE A A SOl T BERT 1 1 1] 545
%I 7E TABSA 1T % 14 Sentihood % 4f% 52 5 . ABSA T %5
[ SemEval 2014 v, JEAT 1 SR B IE  HUAS T L 2 A1
PRSI TE G 25 5 o BLAh , AR SR vt T I il SE
LS5 IR A5 Y 4 20 0 i A RME o 4 DFLGA R AL TE
KL LA AN R I DA SR A AE —E 1)
Pt AS 6] o FEAR R K 75 pE Al A A Y SR o 1 R
e Sk 5 BERT 15 1% 458k 1018 X R RE F1, I 7%
BB A ARAS AR 55 ) 1 SR I T BE 7
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