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Abstract Aspect-based sentiment analysis (ABSA) aims to identify the opinions expressed by users about spe-
cific targets in subjective texts. In recent years, ABSA has been a frontier topic in the field of affective computing,
and has received extensive attention from both academia and industry. ABSA involves various elements such as
aspect terms, opinion terms, aspect categories, and sentiment polarity, and accordingly constitutes various re-
search tasks. With the rapid development of natural language processing, researchers have proposed a large
amount of methods for ABSA, and have made certain progress in performance. However, limited by the high
annotation cost, most existing researches are limited to specific languages and fields, and the low-resource scena-
rios caused by insufficient training samples hinder the further expansion and application of ABSA methods. In
this paper, we start from the relevant definitions of ABSA and introduces the elements, tasks, commonly-used
datasets, and evaluation metrics. Then, for the basic tasks and extended tasks included in ABSA, we thoroughly
review and analyze the development of related ABSA methods. Further, for the low-resource problem in ABSA,
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we summarize and compare the existing improving strategies for low-resource ABSA, which can be categorized
into the model level and the data level. Finally, we prospect the future research trends of low-resource ABSA.
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S BRI TE T, SR FHAS AR R B AT 55 2 ]
M HRR.

332  ETBAESEIAMITE

BG5S R — R R @iy v, s 2
FE—AMEGERY A B 43 il Sl AR 7 T 1] i EURN 77 T A A%
SRATEL, FRKPAMMES S RS 5 1E N
e, AT SR I T -1 B ) H AR, Had AR dn
Kl 12 Fiows

it | g [ttt

s W ZE
BN W o
A 585

TS| o, [ 011

gr JerE IrREER

12 ETHAF NG E- B HE

Wang %225 R T — R FIVE & S HL
5 2 07 T R A B AR M 2 T8 Ok BRI T . 1%
TERRA WA FAESS, ST 77 18 A4 2
Wtk 2 DB A S BEME R . Luo 222 1281 ) B Ak
ZE 1145 BT R A g T AR B, EE R AE R =
BICIEMME S Z AL EE B, SEIL AR5 2 1A
IS B3 N T T UM RS, He 5553
(2945 1 IMN (Interactive Multi-task learning Net-
work) AL, A% OAE TR SCRY 38 oy SR AT 55
RGBT R, FFR SO s A RS
BTS2, Chen %2130 e 514 77
TRV 784 AT TR A B UL R 1] e B S T
IR KB KFR, #£H T RACL (Relation-
Aware Collaborative Learning) 7Y, FHAfH % 2 HE
B G TR O 5% R IR IR AL 1% . Wang 222 %Y
#2H LCM (Label Correction Model) #5784, @il 7
AL T3 T A7 8% 3 AT 4% A0 7 THD ] e B 2 1] 1A 28 B SR
RULTEHARERIE. Liu 230050 —fhah &
S ot AR 28 SR 58 R T 1) 4 AT 45 5 7 T A Ky

FALS 2 WML H, HZOMIEE TR $
) AR bR 2 RIS TN N, 2R 58 RRAE
3% 5B . Mao 252 ¥R i Dual-MRC (Dual
Machine Reading Comprehension) 7, DLZ %5
2 0T 2ok AR T 1 85 TR X, 43l 0 ) B A
HH IR 7 T 1] LA S G I o) IS PR 155 TR 12

M TG — b2 2 2 070, G5 2 R
WA TS, BENFFEZAESRTER. f£i%
RN, TAES A LA RE, X N @B
2 Z [ AS HORERFT N 7 LAl RS 180N
P I RE .

333  HETICARARHIITE

PEBEAE BRI (in T5 91 BART
USSR, WU S5 A R E
D, Rt 171 5 M1 <10 = W = D) s 25 R R
SRR R . BF SN R T G567 T - 17 8O0 ik
HUAT 55 A SCAR AR RRAT 55 R i 1k 13 —A4 4
EN S e

TP AR zh = fi
Lk pan R 4

I o

& 13 EF 30 A A7 T -1F R X HH AR

Yan 22 90h sia bt o 23 f) AR5 A 2 A
B BART, FIRFREA R T\ — T 7t
AT TAL S5 . ERIERD b, Li St
e 7 Senti-Prompt, HAZOAE TSN T —A4
H B ) 9% 2 B AT 55 AR 75 T 10 3] 5 0 R 1]
N T 2 AR R (1A SRR AR L A R R
fIbR25205], Zhang %52 SR M T PR [ 10
AR, — R AR B SCAR B AR
%47 FE 41 (GAS- Annotation), —fEHJEA AL & R
AR 741 (GAS- Extraction), 3 e i i i 71 5
SRR AT K e BUAT: 55 3% A N SCAR AR AT 55 BA
N R T5, #E—2, Zhang &322
P2t Paraphrase B2, Wit 7 — /NG G BRTE
B SO RS IR e 7 TR A BT A S5 A
B X EIRAES, FFERA T5 BT 1%k

BRI T SR A 0 T VAR PR 7 X BT 8
TIBA I anE, (BI5GB A 2% 2 75T
85 F 10 7 B A 3 T QPR AT 55 8 L B A AR B B IX
Silo ZIT AT B R EF T UAE N TR G 2
52 B s, o B AR SCARZ DR E B NI 4E
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J7 T A AR AR R A5 R, AT I L R
T E BRI R P AR . AR TSR, UK
AR R T TRIZR AN B B AR S5 TR N E S
M BE IR AT S FZ A 1 N 2R Y B 4 4 R
W, G T I RE AR Z TAESS, N
TR T T 1A o

3.4 [ RAESS] VAl EL

M3 PR 55 (0 A o2 il CHS B A\ SCAS
P R R3], e — BN ] ST AR 55 . AE
Ji T Ry A, WA R AR A 5 T A
& PR T 5 TR B WA . K2 B RA
JR3 BR T 58 B — FR 0L s 1] A AT 555 T o o 6
TR AL 3R] PR R A R AR . R, XK
W55 77 - RO BT 55 AN, AN 75 30
73 T ] 55 ] 1] RN 5% 4R

WL R 3 U 55 K 2 R SRR A, B
K — BRI A KRR SCOR B — A B
OV, 5 B b Y o 5 3 A5 I () 2 BIO Ay
%, H B R HARKEE — AN id, | Fox iR
B EE — A B AA] DAAR A Mot 538, O 2o AR H AR i
o MR, FHXZARST R T BN 3 T
] WA Z B I AE B R AR R, BAIRIN 4 76t
Wi A EOICR . Wang 252 VIR A ST ATk ik
A7 18 1K) 328 U et 2 I 2% S 2 = BRLIR] R e R AL SR
s B FIZEAERENIZ AT R 70 K. Wang 4557
2 DOV HH RS 45 (1) 22 J2 0 B 0 WL P 2 51 T A
S AR Z AR H IR R Yu g PN —
2T 55 STRE SR A $E 7 T 1] 5 0 3R] 2 T 1 52
HRA&, MHEMNTHIEMRR .

3.5 [ RES] A EM = IHE

J7 W R A BT 5 B R AEES EMALA S
Fe— AT RS OL R, fl I 7 T A B
Y BT AW R 3]

Fan 223w AR T 7 W A5 U5
FAE Target-oriented Opinion Words Extraction, Jf
Wit 7 — N AR BOR M Oz A% . 2R T
7 T L S A AT 45 B Bt s e, W 252 1014
N e L S SR =W RIAS S s AT T LD VID = SIR AN
F 8 HVEAR 5 B 7 R s 4 vl A% MK BT IR O
T ST 2% . Veyseh 2522 R ) ) B 45]
Z BN I HRAF R R R A AR B ) R, DASR s Y
27 TV S HEBUE S EROMERE. Mensah 42314

Wk 7 TAER ARG S, JF5E T ALE
SREEIEMEE. 4REaR, BILSTM 7l LA &t
MAAEAE S, 7R FEAE b RN B3 B ) 245 il
ErimEAE B AR B N . Li St
Bl AT i R0 3k OB B i Y F At S b, B
A3 T ] A A Sk N AN, T SR 3
s, 5 R AN e AT B LR R . DR AR
ECIVER €/ E S DU B S DR R
&k, ROERFIPERES B T3t — D HE5E.

3.6 [ RIES] LH1IR 5!

FEHR A H bR 45 08 SCARAE RN, B B
BRJTHZEN, Hord 5 w2k 5 T — A FiE X
EEE

Zhou 22 MR Hy T —Fob e W% (4] [ B2
IR PR SR B 2 s R &R, I BAEYIZk
Gy IEAR AT, FI PR AS ] B ph 8 0 28 A2 i 1B
R T 2 Ju I RRE DG 98 285001500 . Tulkens 5557
R — b W 2 ST 7 i T 2 R,
R B A P 1] ) B SRl PERRVE R AT SE R, Shi 45
axpe 2 WASLpL et — b 1 MBS A 0 bl 2 STHE SR T TE
BHZEBIRANES . Liu gt KR H1E 5
WO SR A AT S, ks 5 259 food I
R “The food category is discussed” 1E %%k
KISy, FIEEE 0 m I ZERIE N

3.7 I RMES] KAER-RD X

FINE Iy FAT 5 45 78 SUAR MR — T 1 28
TAE RN, 077 TH S B I AR At AT 702K

Ruder 2272 MO0 b — AN 2 J2 U i 0 i
HIAC 2 A 28 SR AL PP ST ) 9 BB ARG 2R - Sun
s U P — AT i T — N
T BEZARS AR T AT XN R . Zhu S5
FHU% T TR 5 AR Z A H KR,
FEBTE— OB A2 I 48 0 T TS R0 27 > R0 J%
OIWTHEZREE A . Liu 2523 N2 AT S5 e oy
MAAERATES, B, ¥ I7H2E5) food AR
“The sentiment polarity of food is positive” 2 )5,
AZ BT SEAT REIE AR 0

3.8 [ RAESS] HE-VL =X HHER

77 T - R S AT 55 H A i B i A SCA
T R 3 T - s o ARTASE T SS9 el H
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AU R, 2 A 55 22 SR AE Sl B T ] 5 00 A
W EI, TR E AT A B 5 &R

Chen 252 MR T — AN )25 WU IE IR R 1
W B RY, I FH R T8 25 A4 [R) B 4 H A s A
O tim 50 ) KM RR, HBAHH—1
7] BT ik AN 8 N S B E S B Zhao 5§
2 OO T — R T Y B 2 AT 55 STHEZE,
L B AR A — A Fr BOW 2 A R il 28 SO
A B8 7 T A BCE O AR I B AN B
KRz 5 E AR HS R RSB U T i
M. Gao & WO T —AN Al BRUBREh 1 B bR
TEREZE, SRR R Bobr i AR Y il BCHS B A 1
[A], PN TR AN T R AR AN R, R
“What do you think about the <aspect>?", LIl
RIS . Wu 22 US| T 25 Ay iR
SRIG 077 TR - 506 A RIR o BRI BAAE, A R
FETRY th AT DURE T2 T 4511,

3.9 [# RIESS] AR HHEL

)15 IO AR 55 1) H A2 VR A B N SO
o e PR T 2R ) A TR

B XS IZAT 55 i 9 B R A0 B T K 2 A
B, R AR O R IR A 5 R 1 I KT NME
5%, BRXFE S FBENR K RBUEHE . Schmitt
iz e 2 WOME — A G5 — (O ME 42 R IR &5 DI 5 AT
%o Cai %52 USRI B (0 R HE LA 2% 51 07 TH
R 2 18] LA K 5 T S50 5 1 AR A 22 T 1 9% 2%
PSRt —Fh 22 2 B 22 p 4, [N R0 HE S
AR FITAT 73 T 2500 LA AR RS L P 7 AR A

3.10 [# RIES] FE-R - 1B STLAMEL

Ji - -1 = e U 5 HARE T2
B T O, s, R =
JCHL, FRECT 7 TH -1 RO L, 12 A 55 A LR
BBt DG T R, AT AR MR B D A
7 THI U] 22 3R B H LS IO 1 17 JEA o

Peng %2 P AR T O THT -0 A -1 K =
TCHAMBESS . IFRIH — > P B A e 1 R A
ORI K LA =0 . 58— BOE SE i
HH T IR 7 T -5 RO S5O ] B B BRBC N T
T3] 5 00 IR o D T e G AT K AR A A ) R
4, Xu 2B SR T AL B A AR RS,
AT DL UM TR SR ) = e . Wu e PO

T T M AR = SO IV . Chen 4523
(154, 13603k — 3> e ] 2 [W] PRI 5 2R E, R P 4
ATV R 1 BB B g B 3R 1 2 1A £ T
A, LAEAT 5 -0 15 = e . Zhang 4
S H PR T — AN B ARSE SIHERE, o 7 1 ] 3l
HC 5 W0 A R S G AT B A 2 5] . Mao 22 0oy
= IC T 55 o B S B AR 55, SRR
ON S A T 45 422 36 1 5 A £ 0 A, Ak e
Ffr A 15 T ] PR AR A — 7 1 ] S L - 1)
DL 3t B H F 0T R ) B A W A e B T T
JB 15 AR ME . Chen 2522 IR W 7 o ji) i s 24
FRREAY, Stoh oy T R R AR AT A LA . Xu 45
2 2 P2 pe 7 7 i R 5 00 AN Y BERAE U
B, R TRET B H = oA A

I 5 7B R 7R A 25 5 A ED A5 Rl 7
Mukherjeed %5 27 O Y — AN JE T 45 51 M 2% 1
B A RS SRARAD = 04, Yan 2k g =g
U R R B R B R BT %, B RS 7T
IR E . Li S e et |, 4T
RS BRI RMA TIRREE, UEL
Hi 5 SRR A . Zhang 45 2% 3% ORI RENS = T4
U N SOAR A AT S, FEHR T PR A e
W, RRE X SHERE . Zhang S5 PN T
— ANV LI [ ARV R SR S I AT i 1
A T EZ A 5. Fei 22350 g = e
ST 5 WA TE i = T 45 S TR %%, 32
— R [ ] DA R AR R TR S 2R BT T = T4
Jian 2522 DBV FFY A 25 5] e BEAT = T 4L

3.11 [ RIESS] FE-KA-FR= JTHMEL

7 -2 515 T = e A T 55 B AR S P
A Orme, Jim2En], HEm) =xd.

W 45 2 BT P 4 AL 2 4 42 = b s
Z I A AR A R . Zhang 252 MUK % AT 5
Rt NSO AR SS, BEt T ERBCRH =T
S A SCAY . Zhang 2553 Mg = e di &
WS i SCGE E AR 5 RIE A AT AR AR

312 [# RAESS] F - = -5 -1 R& Y TR ER
7 T - W -2 - 155 DY e 2L 4 LR 55 (4 H b
FE T — B B 5 T G o A R T TR
BAETT R R 5 T S A AR, A
H R f5e 9 56 #1510 5 PR X 1) 75 T 4% 155 TR0 4
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R 2 ARERS P EKRESNT BESBEXRIE
EM | B5 HR 1N B Bl
7 T A 4
[2, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56] \
! [26, 57, 58, 59, 60, 61, 62, 63, 65] Sk 22 HHR
[66, 67, 68, 69, 70, 71, 72, 73, 74, 75]
J7 THI 5 18425
ek [76, 77, 78, 79, 80, 81, 82, 83, 84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96, 97, X Atay S1
e 2 98, 99, 100, 101] e
1% DO
[27, 102, 103, 104, 105, 106, 107, 108] Y Ata 5
[75, 109, 110, 111, 112, 113, 114]
77 TH 175 Bk e HX
[22, 124, 125, 126] . (au,s1),
127, 128, 129, 130, 131, 132, 133 E) MCES
3 [ ] A (352) hHC
[25, 136, 137, 138]
PURERT ,
4 [1;(;51??%9] LA 01,02 HhEL
5 AL ey o i
[12, 140, 141, 142, 143] ey 02
B3RP o I8 K
6 (13, 16, 144, 145] ek C1.C2 S
, e e A S e
e [14, 16, 146, 147] TAh+e s s
i -
7 T~ W 56 T E - (a1,01),
% | 8 [136, 137, 138, 148, 149, 150, 151] R (82,02) M
%%U*‘%@Xﬂﬂlﬁl N, (01,51), e
9 [152, 153] A (€25) IPIRHHCRS
J7 THI =W 55 18 B = 4 il . (a1,01,51), ,
10 [17, 18, 19, 20, 21, 22, 23, 25, 37, 133, 136, 137, 138, 154, 155, 156] A (82,02,5) ELAEIES
J7 THI= 2] 18 8 = 4 il . (a1,€1,51), s
1 [25, 141, 157] A (a2,C2.52) RREES
J7 THI =W 552 31— 175 DY o 2H il Y . (a1,01,C1,81), s
12 [24, 25] ek (22,02,C2.5) LRREES

%o HT A TRDI B, MR TAETRE D,

Cai %5272 P YR By 7 J7 TG -0 A5 -2 ) - K
U9 oG 40 $ HUAT 55, R AR T P9 AN VU G 28 4 BB s
8, FEETH T KRR SE ZAT % . Zhang 454
& PO Y T A 4 U 55 B o) T RS, B
G T2 B 4 B B ARAS [R] G 3R 2 (A1 U5 B

£ 2 ISR T RIS BT AR L
ik, DMESHE A,

4 Th MR FR A =AY B R

A 5B W 5 T G IR A AR AR R U
T Bk A S A 4R T A B U 3 T T 2%
T I BT IR Rk SR, R AT /NG

4.1 RFERFRFR THIERE S P

fE B ARG 5 A AU, SCARHE X B AR S
MG RERLRLE AR 2, 71 et HAxts
I ARL R AR /D, 3 8O T 0 1 2ot 2=
RITE R AR AR S 52 IR A3 F O Tk

V537 5T W REAR [BE = 0 T 07 1 A7 T o A A AR o
oK I 75 B o

FERS R, AR B PRBR ) 1 7 T 15 K 3
(RRFAE SO A2 S R . — D T, T 0 T 3] 4l
B AR B B AR S5 . B
Xt H bR ] S H e S AR DA SE A . R AR BE
BT, HEAAEEZIBONE D BRSO KE
], ROFE I G B AR AR AR« 32 L2,
B sk 5 2R ) AR AL il OB BR B TH A5 OO RS2, B
PASRAG KRR B AR E . A%, BETYRE R Thdh
KRR H AR AR A o R R RN By, DA 2= B
Y ste B, FEREIURT, BB A IR
frm T e i “FF w7 U IR AR &, T
X KB AR T iA] Cn DURE 5L R R
RWARMC . H—J71, XTI mERsHE Kol
TR REN R PRSI F, BAFEEATH
Hr BT30S H AR 2 E R OC &R, BLELE A
15 R . EARBRIR N, FEAA L ELR IR 1
Y BT BE o > B I B R R, TR VE
ST P RE SUE S BN, U AT R
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BRI ] “ARPR”, ARSI R
RO A K, RIKIBAT Ak AR B 75 T i
ORI I U AT R AT AR T I, R IA HL B
B TEFEAA RIS, TR DU X DLER A I SIS 0
KA, BoHi iR A. B 7 BB F4E T
S5 I DL 2, ARSI kRt — 2D 1l 5g 7
RN TAESS B L, BRAR T HFEA 2223
TAESARERAE ). B, ERBEELRT,
AT ERTHR R (22 ST R A0, RBFBbRZ —
FERE Z S, RS B A B =
R S ATE 0 AT 825 Ao 3R A5 BE 2 1) D7 T AR T
B o 0 TR SO A A AR ST S, B
A AR 2 AR T Bl 1 o AN sk B 55 By 78
WERAHE . 2R, XTI mg st s, s
TEAS BAEAE 5 SCAR IRy e W g0 e, A REAL
Bry BEALE G, O HUAE 22 T VA ME LRI AR
s B AL i ORE A it B iR s B .
Ue, AT ET, A sREUE RS R
JTHBAREREA, IR .

4.2 153 [= [ B9 SRR

MR L, B 22 ) T AAE A 3 A b
TEHE IR, SEBLEL o M B A 2] B A 1k
BEo fEAE, HIT 7 4 I A B (K AR T A
o REUTARBE BRI, S R e A
T Re S 2 BINCRIR B O T sz e e, Bl
7k 72 X B AAA [R] 14D 52 e B AR AR AT PR R A T 1
PN, CANTEEEAEE TR EERTS
AT RREANRITHENAN S .

421 TR HEBEWTTE

J7 T K A T AT 558 [ 22 Pl B2 3R 2 Rl () 28 HL
KF, G0 W g 1R A 7 T ] 2 (A ) B R AE A 0%
R Z AW A X LT 55 2 (A B A8 B R
F, A1 IE AT 55 BURHE B A B AT 55 1 4
A4, DA T J7 T 218 140 pr 58 Y AR AR B2 37
s FHIPERERIL . X LTy vk B 7Rl R H A R T
B35 Z B B R, B B AR 0 T 25080 i A FH 2%
R, IR E A 192 A P R 1

FEFTHBT I, Li Sy 581 g s
27 HTOORT Wang 2% 273 UMl Sz R B BN T4
VEBIR S, AR AR SRt FE o W S 5
[H1IA] 2 (8] ORI, DAZR MR FRAEA BT S 2 ny 5 T

TAIRFIE 2% > PR (G 1) B, He 523 MU0 Luo 252
FUBINIE AT S5 SRR T, Bl %8 7 5im
15 1843 R A0 7 1 1A S BT 55 2 TR) ) 59 B, FFR A
KA AR e 1)l B AR M 0l o X S T A
FH 548 BB 7 1R R SE B FAT 45 2 [B) () AH B
WEh, REWSA AR m S AR S5 R B AR AT 55 1
RE -

422  EETRIRENMTTE

EAREIE ST, BT A DEFREFFEA T H
TUNZR, PR T 18 I B B Y 1 2 ST e %
BT RRE . T R RIX — A, AR T
Z PP BT R E NG s, B RN T R
TR T AR B BRI B 2 (P AR SRR R R AT R R, B
RN ZREAR A 2

B — Tk 5 V2 ) FH KRR 1) 40 3 A DR R
SRS 2 TR RLEE AR O IR, DA Bh Atk B I
AT 5. Bltn, N T 89877 Hia KR,
Xu 2525 TE R e 5| N T 7EATUSR A T8 R 1 T
SR [ . N T R AR R A JEGE ST
He 222 292 P R 2 B T4 LSTM A8,
SR K SRS AN T T R — i N, AT 2T
FHEES ] o N T B TNZR ) SRS I IR 4y A 7Y
T TS 4> 25, Angelidis 25225182 1 T
Z o2 2 D5, FERIH T L7 R A SE T
55 W B 09 7 A HhEL . R T ER S B R S
i, Chen 2523 2000 FY e R4 2 K b (7 IR X
FOAR, B T TH S R AL AS T, M
—FIT R IRFEM LS . ok, Chen 2222 M00a g B
S AE G T8 5 B AR pRARBRAR (S S, DA B AR
BT RKERMEMGE. 7RO BT s
B, Zhao 222 TS P okl 2 Bt I 0 2 e
BSH, SR A8 [ e I SOR 2 B 45 ok FR
SRR

ROV R R T T B O I
RS, R R A R E B R R . il
Ma 2523088 SentiNet 1 (1915 41115 LSTM
BERIA LS &, DASECRIR M R R P g = N 8
R T SCIIRE /). Zhao 22 S8NE o A T4
F AT N I IR RS, A 0N E T BERT X
T IAE B EREE ST .

BB =R 7 v AT G508 5 AT A S S At
B, Feor A AR B MBS b fE b Bl 3R 1 3
FE XS L. i, Mao S0 F1 Chen 2%
WL 57 T8 28 15 IR 43 A 45 5 46 A ) 25 (Quiestion
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Answering, QA)E, XA BT R HMINZIES
R BERT Jiray > il SR RAEAR B2 5 R gk
ITAE S A B . v 7 M H 9 K1 3 2 A
(Sequence-to-Sequence , Seq2Seq) i & & AL (4
BART Fil T5) HfF 51l U5, Yan S
A Zhang 25235 W00 05 T 01 IR M AE 55 i A0
A i (Text Generation)fE45. N T AR IR
0NN 5| S I ZRIE S AT AE R, L
22 TR Zhang %524 P00 B AE T 25 5 1
Y 11 2 B v A0 A B S 0N 3 4 1R 2 7 (Prompt) 15
i

SRS, A RRE NS — R R THIG B IR
Yy N TGS O R RE AT 2T B

4.3 ¥R = T B9 S SRR

MEIER SR, EREGERREEE, 5%
PR BRI 5T ARTEAE A AN AL [ L ) — A R A7 fie
RITE, A AR SR AR W] 2 9 HdE 4 R A
A LS o

431  HeF KRRk

K 1 9w RE s A BRI B B R B AR, L
S OO 28T ARV 5 AL BRAT 25 U3 P 110 8
Parg Rk, 5O MM AR 55 AN A,
KL IE 1) 75 T 5 7 1 o0 A 5 B R AT ARL P 1) K dfE
PO, AN BEIE I HE PR G0 e o] S5 R R 5 ik
KSLHL e TR RIZAN L, BT AHORLEE AT 55 1
B 158 77 9% S EHE I LR =7 sR S

S5 — i 05 1% A2 T IR AN 2 SRR e AR Y
WA 1 98 7, LK B2 ORT 5 B SR 0 4R0RLE Oy
PEAIIE . Dai %2501 T ZH0iA %4k 8
J7, INARAEER B e R S B e 4R S B
BN ELFP S, DAAR B T Fe AR TE IR ARRLE Dy
FEAR . Chen 252535 O ) e F 0ot 2 0 e
KREFREAL RITRE, DR R I EA I & .

55 5 1% A M AR TR D R v g s i O
bR, DAEB S HE . Hilin Wang e 0T
LRI M BB A5, R R R
TEREARBINOARZE A, EBOMEAR AT I 2K,

55 =07V e R H RO 508 S AR 5] 3R
AT G SCMRIE EOR K OAFEAS . Bl Ding 255
F W O AORE AR bR 4 N B 5 6 1 538 5 51
T, B G P SIS R SRR AT I Gk, $R

fi] 7 T AR O 0 FL AT R, — 2P AR O I
HETH, FF i 8 Foak i 8 Bin 7 41 Je 2 Bt
REIARZE . Li 2525 g B MASS X —Fii
SRR AT S2 1 T BB 38 o, AR DR RE 7 1 A
BRI T B LT AR FEAR . Hsu
22 D81 S S 3k 0k 3 MR P B 8 Ll ke o SO AR R 4T Ak
M, AREHTINSE S EMHATIRE, DIAERGE
SCREARLEL 77 T 1) AR AR AN AR R O FE AR

bR I T A 2 TR R bR 2 B T Tk A B
i, HEERMWFEARERZ. ETiEEHEE
AR DR AR B R, H 2 5 N T EAR
Mo BRIIE, X 7 T 20 A I o0 A R R 4R 1 5 g vk
T B — P IR AR A R 1P 1T

432  HETATUEE R JT v

7 [ 45035 P B4 5 THD 0% 15 IR 43 WA 45 R v
PR, (E R B AT S P b A B ik
BT P B, R RAE T VR AU RN B bR AU A
FEHINZE R . Ramponi 225 M0 27 HARIES
Kb B A5 o B AT R . DR O T
T3 BT AT 25 1 2R w5 2 7 TH] 1] AN R (1) 1 RS
B, TR 43 7 TH R AU S K, T AR G
U o AT IR 388 X 201 9] 4 A5AsR 7 77 92 of DAE F
T RAE RANTAE S . N T FRPGXA S, W
A X AR FEE AT 55 4 AU 3 7 5 9 2 SR P =
77 RSP

5 — A 77 25 ) P A58 P P R AT She 3 % AT
S 7 T A B L I R . ltn, Jakob 4%
5 C7Vfi Y] e T 44K 0 4 420 5 T 2 A5103, 52  1
i, R T B A 25 AR AL SR bR i 5 TR . Li
‘e 2 2 WOV 37 2 fy 72 — i 2 0 A5 R (10 32 00 ) 0 5%
B, IR 56 2R B IE LI 1 2605 R TE B AR A IR
YU A3 R 7 T Al . Wang 2 2% 5 7748135 40 ] PR
T ARAFADEAE A FIATUR 2 18] AR AU 3 76 At
5% S P U M 25 I 5 A SR AIE I 5 B
AT RS 710 5 BIAR T 9% . Wang 252 3 7@ i) 2
AT ] 5 40 e A, RN R AU B R
AR SRR 7 THI 1) Pereq 2 2% 22 LOOb 5L T4y 1
AT B AN B T 2508 S, R
T+ BERT BEATUSRAGAE ZMEIBE /1. LIRSS 32
CUSLLet Jof A F) A 0 225 1R 43 AU A AN A0 S
BT 06, H W EIGmA T2 4 K88 T
AU 5 THT IR IR 2K . Yang 45 2 3 B2 o ek i
VR N R A ATIRAS B, R T R R B



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 19

3 RERIA R AR BRI KR

SEAL Jii g SCHR
FIHFALS HAEEMAC HR R, AR —FAT S IRHE B AR
A H AR RS IAHEN AR, AT 5 T 1 A T R AR B = R [15,128,158,159,160,161]
LAY AP RE R TN
=]
- HATEA TEAR R IR 5T N7 TS B Wi R b 70 58 2 B 1 B R R R [17,25,73,120,129,133,136,137,138,162,163,164
" A, SRR UIZRAE AR A X T 5 2] 6 S R PR o 165,166]
Ko i;ﬁﬁzgﬁﬁgg}ﬂ%ﬁif?ﬁ%mﬁﬁé&m‘fﬁéﬂ& I [168,169,170,171,172,173]
s SEF, 4 N .
2T NE FETAURLE I AEOE N, bR IR E0E R 7 RS S [175,176,177,178,179,180,181,182,183,184,185,18
e EARERZREARE, BT HARN AR & K. 6,187,188,189]

BT N2 NS . Chen 25272 PRI T80 4
S T AE % G B 7 TR ST RS 1K) 1 SOV A Tk
o Chen %523 USRI Y 22 Pl i F = SR 2 7]
TR IRRL, DUy E AN TS FE M RFAL . LAAE
AN RSO AAT RO HARESS B

55 Ry i 8 DR B E AN R N B i
AL E, LA A AR BB AR AT .
i, Li S UOOME G 2 50 oK 13 R AR 40
SRRF AT R RRF AR, G v sk FH 3] PR s ik
BUE,  PASRN H s AT 2 (8] (1 22 5+ . Gong
A U Y — FRFIESGE BL I 7 i, 1% S5
R A T SR TR AN AR (YRR AL, I LG [R] I >R
M T REARGIE R TT %, PR AR A AR A
CHia) [AE . Chen 252 it T — R A%
BRRACHL,  BEWEAT AR T BT A 1 7 ¥k
FRIPERE .

5 =R N BRI TR EREAAT Oy
PR%E, ORI AR B gt fE . il
Ding %27 MO0 i FH LU TE B A sl R 5458 1) e ) e
OVFEA, SRR XN FEAILFYIZR LSTM 7
GIRIER, TR SR % R . Zhou %5235 1)
P2 18 B B DT E BO R, O H bR
PRIEEE T B B AR, DU BRI %
AR 7 -

4.4 RFIRTBOLRME L

N T R RAR B U 37 508 O THT 2R 15 I A i ok
(1 17 755 P, R T AT MR R AT K AN =
M, R T ARZ R RN . R R, WA
Tk I T A BRI FRE N, e Ty T &
T I W R AE B AN 22 ST R, L H ARAE Tk
FAR IR T REA A X TR ) St o . 7R 4K
P 20, DU J7 ik 2 T A 1 0 R U808

B2, 37847 RIS T BAREREAS, o H brsE T4
ITREZHERENGAEE. SRS, PSS
RIS ZN L AN, ATAHELfReidt, SEIUAE 78 2 1
PREEREA LIRS W] SE S R I AL A% 2 ST, A
17 H% (7] i e 5 1 4 A I A AE AR BRI 37 35 1 i 1k
RERI. £ 3 LB T AN LR
Wk, DAMESH A

5 RKBE

AICERR T 5 1 G O M H TR, B
LA T TR B3 7 i) eScdE skms . seb B, 2
R JEE 15 % 3 BT 1347 E AR 22 F TR ANBIE FE BUAE 55 1 3
s HAE PR R. BN WEA AR RK T
TEREAT R EE

Sy WA T TR s I HE R R
SCEEHE o 4RI ) 5 T AR IR A U 9k 3 B X
R PRI R SCAS, L SCEE AR ] B AR 1T 7
SEBRIIHI o, ARAE R A U R R 5.
WAE A A ARG G . P BT X
AR LAY, RS TR 2 ) O B
WA S S 3 RPN SO R R, R s X
) 3R 0 R FE O, A B A AN T
(OVEARPEAR TS 20U, ot 52 2 i by, T TR 11
Sy A A R T B A b S AR IR ) R TR AN B AL
I A 35 K B B T B R A RR BOR RS R . T
g, — FEAE R T TR R T R 2 5T I 5 T
TR I i%,  SEBLUE MR 4x i 1015 2RI

S5, WA g TR RO M 5 R R E S
PERIR LS o DA WF T0 AR R AN A0 2 1 4
T RS, (HETE R B BT
RE A A DL 78 70 M B 2 ST BT B KA
TSR ) WA S AR 22 WF 7C IR B KA 2R



20 THEALER

2 A A K T RORE SRR, Few-
Shot 3% Zero-Shot 375t T ¥IHE K HE 4L KL% REP
200 7 T N RO AT 5 R IR T ) A R R
g, — I DM B KA K s oK e ), b
X T AR E R S B 5 — D7 T AT BLS § R
R (R R AN, PRl 2257 b & R £ 8 &I
G e A28 ot S AR A KR R R, A
BB KR $E THR BT YR 3% = R 1 07 TH 1 B A BT
Beo PAtb, — M AE p) o MR B AR R 2] S
A, A KA 70 43 W BE 77 TH 2R 15 B AT AT 45

= e N2 RS R 2 AT R B
T RNE BT fEARZRAFEY, HPRS
AMUEESCA, EXTRAEEE . . 5552
FhARZS o UTHAE W FC 6T 2 AR 25 T 1 7 T 0155 Tk
ST EEAT T ARRE, Rk I I I R S A 1S e
BEEZENERRET. B, REAKSZE A fE
FAE— BN H KRR, W SCA 15 185 2T
RE 5 B H 1 317 S5 PR S R AR A W R o 3 T R A
A WA (5 B AT 228, nf LLRE A Hh A2 48 A
[FI AR S Z A B DR B, AT B AR ASE B0 T FR v A A
B n BRI BT YR U7 T 1% 8 i ) 1k
BEo [RlUL, —MIELER )7 2 5 e 2 MRS 1 7
HRAHE, FRTHA R B S RIEAS B 51

VY, an e LE 75 T A R Al FE R SN
SHEWT . I B 7 T K IR A 7V AR 2 B
THLER 5 ST R B 2 ST S, A 2 i B 54K
a0 N R AE A A S 2 SR TR A DG 1, (LR M 9
AN T RE AW A, PR, B TR 2 TH
AIARREIEZE . B SSEE A ERIG, ML AL
FHAELRIT . FlVE. SRS & de e XU sk 1 mT
FERA . RSB N R R 2 AR A
R A A . B R4 E Judea Pear FTHE
o, PLERE I BB AR IR, R O TR
B, X FEFEIE R T s . B,
— PV TE R 7 ) 2 IR SR A B M B R O,
S SRR AR B R e SR S AR A, PR T T
TR AT AR Y [ S PR T AR

b sk

7 T AR 1o Hr e — R DAL Y B AR F AL
BAL S, B S GSOR T IR EE J5 TS
MR o ARSI 5 T 1 o B R E SO
T T LB DR ER A AT

55, JFUER T U A H Bt S L LR ARAE
fESREEAS B, BEXAFETARSS, ABZE TR
FAORSCHR, FFtAT T HB M. A, R T
R 537 5500 7 T 215 TR A SR Tl RN B
F UGN 1A TR K A 2 TR A BT IR S SR
o dRJE, XTI A T R R,
Fa T ARRIIBE TS o

SE 0

[1] Kim Y. Convolutional neural networks for sentence classifica-
tion//Proceedings of the 2014 Conference on Empirical Methods in
Natural Language Processing. Doha, Qatar, 2014: 1746-1751.

[2] Hu M, Liu B. Mining and summarizing customer reviews//Proceedings
of the Tenth ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. Seattle, USA, 2004: 168-177.

[3

—_

Thet TT, Na J-C, Khoo CSG. Aspect-based sentiment analysis of movie
reviews on discussion boards. Journal of Information Science, 2010,
36(6): 823-848.

[4] Fang J, Price B, Price L. Pruning non-informative text through non-

—

expert annotations to improve aspect-level sentiment classifica-
tion//Proceedings of the 2nd Workshop on the People’s Web Meets
NLP: Collaboratively Constructed Semantic Resources. Beijing, China,
2010: 37-45.

[5

—_

Brody S, Elhadad N. An unsupervised aspect-sentiment model for
online reviews//Proceedings of the 2010 Conference of Human Lan-
guage Technologies: the North American Chapter of the Association for
Computational Linguistics. Los Angeles, USA. 2010: 804-812.

[6

—_

Pontiki M, Galanis D, Pavlopoulos J, Papageorgiou H, Androutsopoulos
I, Manandhar S. SemEval-2014 task 4: aspect based sentiment analy-
sis//Proceedings of the 8th International Workshop on Semantic Evalua-
tion. Dublin, Ireland, 2014: 27-35.

[7

—

Pontiki M, Galanis D, Papageorgiou H, Manandhar S, Androutsopoulos
1. SemEval-2015 task 12: aspect based sentiment analysis//Proceedings
of the 9th International Workshop on Semantic Evaluation. Denver,
USA, 2015: 486-495.

[8

—

Pontiki M, Galanis D, Papageorgiou H, Androutsopoulos |, Manandhar
S, Al-Smadi M, Al-Ayyoub M, Zhao Y, Qin B, Clercq OD, Hoste V,
Apidianaki M, Tannier X, Loukachevitch NV, Kotelnikov EV, Bel N,
Zafra SMJ, Eryigit G. SemEval-2016 task 5: aspect based sentiment
analysis//Proceedings of the 10th International Workshop on Semantic
Evaluation. San Diego, USA, 2016: 19-30.

[9

—

Zhang W, Li X, Deng Y, Bing L, Lam W. A survey on aspect-based
sentiment analysis: tasks, methods, and challenges. arXiv preprint,
2022, abs/2203.01054.

[10]Hedderich MA, Lange L, Adel H, Stré&gen J, Klakow D. A survey on
recent approaches for natural language processing in low-resource sce-

narios//Proceedings of the 2021 Conference of the North American



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 21

Chapter of the Association for Computational Linguistics: Human Lan-
guage Technologies. Online, 2021: 2545-2568.

[11]Brof3J, Ehrig H. Automatic construction of domain and aspect specific
sentiment lexicons for customer review mining//Proceedings of the
22nd ACM International Conference on Information and Knowledge
Management. San Francisco, USA, 2013: 1077-1086.

[12]Fan Z, Wu Z, Dai X-Y, Huang S, Chen J. Target-oriented opinion words
extraction with target-fused neural sequence labeling//Proceedings of
the 2019 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies. Minne-
apolis, USA, 2019: 2509-2518.

[13]Tulkens S, Van Cranenburgh A. Embarrassingly simple unsupervised
aspect extraction//Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics. Online, 2020: 3182-3187.

[14]Zhu P, Chen Z, Zheng H, Qian T. Aspect aware learning for aspect
category sentiment analysis. ACM Transactions on Knowledge Discov-
ery from Data, 2019, 13(6): 55:1-55:21.

[15]Wang W, Pan SJ, Dahlmeier D, Xiao X. Coupled multi-layer attentions
for co-extraction of aspect and opinion terms//Proceedings of the Thir-
ty-First AAAI Conference on Artificial Intelligence. San Francisco,
USA. 2017: 3316-3322.

[16]Liu J, Teng Z, Cui L, Liu H, Zhang Y. Solving aspect category senti-
ment analysis as a text generation task. arXiv preprint, 2021,
abs/2110.07310.

[17]Chen S, Wang Y, Liu J, Wang Y. Bidirectional machine reading compre-
hension for aspect sentiment triplet extraction//Proceedings of the Thir-
ty-Fifth AAAI Conference on Artificial Intelligence. Virtual Event,
2021: 12666-12674.

[18)Jian SYB, Nayak T, Majumder N, Poria S. Aspect sentiment triplet
extraction using reinforcement learning//Proceedings of the 30th ACM
International Conference on Information and Knowledge Management.
Virtual Event, Queensland, Australia, 2021: 3603-3607.

[19]Mukherjee R, Nayak T, Butala Y, Bhattacharya S, Goyal P. PASTE: a
tagging-free decoding framework using pointer networks for aspect sen-
timent triplet extraction//Proceedings of the 2021 Conference on Empir-
ical Methods in Natural Language Processing. Punta Cana, Dominican
Republic, 2021: 9279-9291.

[20]Wu Z, Ying C, Zhao F, Fan Z, Dai X, Xia R. Grid tagging scheme for
end-to-end fine-grained opinion extraction//Proceedings of the 2020
Conference on Empirical Methods in Natural Language Processing. On-
line, 2020: 2576-2585.

[21]Xu L, Chia YK, Bing L. Learning span-level interactions for aspect
sentiment triplet extraction//Proceedings of the 59th Annual Meeting of
the Association for Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing. Virtual Event, 2021:
4755-4766.

[22]Peng H, Xu L, Bing L, Huang F, Lu W, Si L. Knowing what, how and
why: a near complete solution for aspect-based sentiment analy-
sis//Proceedings of the the Thirty-Fourth AAAI Conference on Artificial

Intelligence. New York, USA, 2020: 8600-8607.

[23]Zhang C, Li Q, Song D, Wang B. A multi-task learning framework for
opinion triplet extraction//Proceedings of the 2020 Conference on Em-
pirical Methods in Natural Language Processing. Online, 2020: 819-
828.

[24]Cai H, Xia R, Yu J. Aspect-category-opinion-sentiment quadruple ex-
traction with implicit aspects and opinions//Proceedings of the 59th An-
nual Meeting of the Association for Computational Linguistics and the
11th International Joint Conference on Natural Language Processing.
Virtual Event, 2021: 340-350.

[25]Zhang W, Deng Y, Li X, Yuan Y, Bing L, Lam W. Aspect sentiment
quad prediction as paraphrase generation//Proceedings of the 2021 Con-
ference on Empirical Methods in Natural Language Processing. Virtual
Event / Punta Cana, Dominican Republic, 2021: 9209 - 9219.

[26]Mitchell M, Aguilar J, Wilson T, Durme BV. Open domain targeted
sentiment//Proceedings of the 2013 Conference on Empirical Methods
in Natural Language Processing. Seattle, USA, 2013: 1643-1654.

[27]Dong L, Wei F, Tan C, Tang D, Zhou M, Xu K. Adaptive recursive
neural network for target-dependent twitter sentiment classifica-
tion//Proceedings of the 52nd Annual Meeting of the Association for
Computational Linguistics. Baltimore, USA, 2014: 49-54.

[28]Yang J, Yang R, Wang C, Xie J. Multi-entity aspect-based sentiment
analysis with context, entity and aspect memory//Proceedings of the
Thirty-Second AAAI Conference on Atrtificial Intelligence. New Or-
leans, USA, 2018: 6029-6036.

[29]Wu H, Liu M, Wang J, Xie J, Li S. Question-answering aspect classifi-
cation with multi-attention representation//Proceedings of the Informa-
tion Retrieval - 24th China Conference. Guilin, China, 2018: 78-89.

[30]Yu J, Jiang J. Adapting bert for target-oriented multimodal sentiment
classification/Proceedings of the Twenty-Eighth International Joint
Conference on Artificial Intelligence. Macao, China, 2019: 5408-5414.

[31]Xing X, Jin Z, Jin D, Wang B, Zhang Q, Huang X. Tasty burgers, soggy
fries: probing aspect robustness in aspect-based sentiment analy-
sis//Proceedings of the 2020 Conference on Empirical Methods in Natu-
ral Language Processing. Online, 2020: 3594—3605.

[32]Hyun D, Cho J, Yu H. Building large-scale english and korean datasets
for aspect-level sentiment analysis in automotive domain//Proceedings
of the 28th International Conference on Computational Linguistics.
Barcelona, Spain, 2020: 961-966.

[33]Wang B, Liakata M, Zubiaga A, Procter R. TDParse: multi-target-
specific sentiment recognition on twitter//Proceedings of the 15th Con-
ference of the European Chapter of the Association for Computational
Linguistics. Valencia, Spain, 2017: 483-493.

[34)Jiang Q, Chen L, Xu R, Ao X, Yang M. A challenge dataset and effec-
tive models for aspect-based sentiment analysis//Proceedings of the
2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natural Lan-
guage Processing. Hong Kong, China, 2019: 6279-6284.

[35]Rosenthal S, Farra N, Nakov P. SemEval-2017 task 4: sentiment analy-



22 THEALER

sis in twitter//Proceedings of the 11th International Workshop on Se-
mantic Evaluation. Vancouver, Canada, 2017: 502-518.

[36]Bu J, Ren L, Zheng S, Yang Y, Wang J, Zhang F, Wu W. ASAP: a chi-
nese review dataset towards aspect category sentiment analysis and rat-
ing prediction//Proceedings of the 2021 Conference of the North Ameri-
can Chapter of the Association for Computational Linguistics: Human
Language Technologies. Online, 2021: 2069-2079.

[37]Xu L, Li H, Lu W, Bing L. Position-aware tagging for aspect sentiment
triplet extraction//Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing. Online, 2020: 2339-2349.

[38]Wiebe J, Wilson T, Cardie C. Annotating expressions of opinions and
emotions in language. Language Resources and Evaluation, 2005, 39(2—
3): 165-210.

[39]Kessler JS, Eckert M, Clark L, Nicolov N. The 2010 icwsm jdpa sent-
ment corpus for the automotive domain//Proceedings of the 4th Interna-
tional AAAI Conference on Weblogs and Social Media Data Workshop
Challenge. Washington, USA. 2010.

[40]Toprak C, Jakob N, Gurevych I. Sentence and expression level annota-
tion of opinions in user-generated discourse//Proceedings of the 48th
Annual Meeting of the Association for Computational Linguistics. Upp-
sala, Sweden. 2010: 575-584.

[41]Song L, Xin C, Lai S, Wang A, Su J, Xu K. CASA: conversational
aspect sentiment analysis for dialogue understanding. Journal of Artifi-
cial Intelligence Research, 2022, 73: 511-533.

[42]Qiu G, Liu B, Bu J, Chen C. Opinion word expansion and target extrac-
tion through double propagation. Computational Linguistics, 2011,
37(1): 9-27.

[43]Zhao Y, Qin B, Che W, Liu T. Appraisal expression recognition based
on syntactic path. Journal of Software, 2011, 22(5): 887-898. (in Chi-
nese) (RADHIF, Zeie, 4780, XUBEJETA) AT IO B BOTAT BT IR
. BEAR, 2011, 22(5):887-898)

[44]Liu K, Xu L, Zhao J. Opinion target extraction using word-based trans-
lation model//Proceedings of the 2012 Joint Conference on Empirical
Methods in Natural Language Processing and Computational Natural
Language Learning. Jeju Island, Korea, 2012: 1346 - 1356.

[45]Gindl S, Weichselbraun A, Scharl A. Rule-based opinion target and
aspect extraction to acquire affective knowledge//Proceedings of the
22nd International World Wide Web Conference. Rio De Janeiro, Brazil,
2013: 557-564.

[46]Zhao L, Huang M, Sun J, Luo H, Yang X, Zhu X. Sentiment extraction
by leveraging aspect-opinion association structure//Proceedings of the
24th ACM International Conference on Information and Knowledge
Management. Melbourne, Australia, 2015: 343-352.

[47]Liu Q, Liu B, Zhang Y, Kim DS, Gao Z. Improving opinion aspect
extraction using semantic  similarity and aspect associa-
tions//Proceedings of the Thirtieth AAAI Conference on Atrtificial Intel-
ligence. Phoenix, USA. 2016: 2986-2992.

[48]Gunes O, Furche T, Orsi G. Structured aspect extraction//Proceedings of

the 26th International Conference on Computational Linguistics. Osaka,

Japan, 2016: 2321-2332.

[49]Jiang T, Wan C, Liu D, Liu X, Liao G. Extracting target-opinion pairs
based on semantic analysis. Chinese Journal of Computers, 2017, 40(3):
617-633. (in Chinese) (YL, Ji ik, x4, X 8-F, BEKE. JT
TE S HTEIPEA S 5 - IR . TR, 2017, 40(3): 617
-633)

[50]Shafie AS, Sharef NM, Murad MAA, Azman A. Aspect extraction
performance with pos tag pattern of dependency relation in aspect-based
sentiment analysis//Proceedings of the 2018 Fourth International Confe-
rence on Information Retrieval and Knowledge Management. Le Mé&i-
dien Kota Kinabalu, Malaysia, 2018: 1-6.

[51]Mukherjee A, Liu B. Aspect extraction through semi-supervised model-
ing//Proceedings of the 50th Annual Meeting of the Association for
Computational Linguistics. Jeju Island, Korea, 2012: 339-348.

[52]Chen Z, Mukherjee A, Liu B. Aspect extraction with automated prior
knowledge learning//Proceedings of the 52nd Annual Meeting of the
Association for Computational Linguistics. Baltimore, USA, 2014:
347-358.

[53]Chen Z, Mukherjee A, Liu B, Hsu M, Castellanos M, Ghosh R. Exploit-
ing domain knowledge in aspect extraction//Proceedings of the 2013
Conference on Empirical Methods in Natural Language Processing.
Seattle, USA, 2013: 1655-1667.

[54]Peng Y, Wan C, Jiang T, Liu D, Liu X, Liao G. Extracting product
aspects and user opinions based on semantic constrained Ida model.
Journal of Software, 2017, 28(3): 676 - 693. (in Chinese) (=, Ji'H
i, VLR, 4, s, B, BT E A A LDA i i RRIE
FE A FREL. 302441, 2017, 28(3): 676-693.)

[65]He R, Lee WS, Ng HT, Dahlmeier D. An unsupervised neural attention
model for aspect extraction//Proceedings of the 55th Annual Meeting of
the Association for Computational Linguistics. Vancouver, Canada,
2017: 388-397.

[56]Liao M, Li J, Zhang H, Wang L, Wu X, Wong K-F. Coupling global and
local context for unsupervised aspect extraction//Proceedings of the
2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natural Lan-
guage Processing. Hong Kong, China, 2019: 4578-4588.

[57Jin W, Ho HH, Srihari RK. A novel lexicalized hmm-based learning
framework for web opinion mining//Proceedings of the 26th Annual In-
ternational Conference on Machine Learning. Montreal, Canada, 2009:
465--472.

[58]Filho PB, Pardo T. NILC_USP: aspect extraction using semantic la-
bels//Proceedings of the 8th International Workshop on Semantic Eval-
uation. Dublin, Ireland, 2014: 433-436.

[59]Kiritchenko S, Zhu X, Cherry C, Mohammad SM. NRC-Canada-2014:
detecting aspects and sentiment in customer reviews//Proceedings of the
8th International Workshop on Semantic Evaluation. Dublin, Ireland,
2014: 437-442.

[60]Toh Z, Wang W. DLIREC: aspect term extraction and term polarity

classification system//Proceedings of the 8th International Workshop on



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 23

Semantic Evaluation. Dublin, Ireland, 2014: 235-240.

[61]Zhang F, Zhang Z, Lan M. ECNU: a combination method and multiple
features for aspect extraction and sentiment polarity classifica-
tion//Proceedings of the 8th International Workshop on Semantic Evalu-
ation. Dublin, Ireland, 2014: 252—258.

[62]Liu Q, Gao Z, Liu B, Zhang Y. Automated rule selection for aspect
extraction in opinion mining//Proceedings of the Twenty-Fourth Inter-
national Joint Conference on Artificial Intelligence. Buenos Aires, Ar-
gentina, 2015: 1291-1297.

[63]1Shu L, Xu H, Liu B. Lifelong learning crf for supervised aspect extrac-
tion//Proceedings of the 55th Annual Meeting of the Association for
Computational Linguistics. Vancouver, Canada, 2017: 148-154.

[64]Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word
representations in vector space//Proceedings of the 1st International
Conference on Learning Representations. Scottsdale, USA, 2013.

[65]Yin Y, Wei F, Dong L, Xu K, Zhang M, Zhou M. Unsupervised word
and dependency path embeddings for aspect term extrac-
tion//Proceedings of the Twenty-Fifth International Joint Conference on
Artificial Intelligence. New York, USA, 2016: 2979-2985.

[66]Liu P, Joty SR, Meng HM. Fine-grained opinion mining with recurrent
neural networks and word embeddings//Proceedings of the 2015 Confe-
rence on Empirical Methods in Natural Language Processing. Lisbon,
Portugal, 2015: 1433-1443.

[67]Wang W, Pan SJ. Transition-based adversarial network for cross-lingual
aspect extraction//Proceedings of the Twenty-Seventh International
Joint Conference on Artificial Intelligence. Stockholm, Sweden. 2018:
4475-4481.

[68]Ma D, Li S, Wu F, Xie X, Wang H. Exploring sequence-to-sequence
learning in aspect term extraction//Proceedings of the 57th Conference
of the Association for Computational Linguistics. Florence, Italy, 2019:
3538-3547.

[69]Wei Z, Hong Y, Zou B, Cheng M, Yao J. Don’t eclipse your arts due to
small discrepancies: boundary repositioning with a pointer network for
aspect extraction//Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics. Online, 2020: 3678-3684.

[70]Yang Y, Li K, Quan X, Shen W, Su Q. Constituency lattice encoding for
aspect term extraction//Proceedings of the 28th International Confe-
rence on Computational Linguistics. Barcelona, Spain (Online), 2020:
844-855.

[71]Wang W, Pan SJ, Dahlmeier D, Xiao X. Recursive neural conditional
random fields for aspect-based sentiment analysis//Proceedings of the
2016 Conference on Empirical Methods in Natural Language
Processing. Austin, USA, 2016: 616-626.

[72]Luo H, Li T, Liu B, Wang B, Unger H. Improving aspect term extraction
with bidirectional dependency tree representation. IEEE/ACM Transac-
tions on Audio, Speech and Language Processing, 2019, 27(7): 1201—
1212.

[73]1Xu H, Liu B, Shu L, Yu PS. Double embeddings and cnn-based se-

quence labeling for aspect extraction//Proceedings of the 56th Annual

Meeting of the Association for Computational Linguistics. Melbourne,
Australia, 2018: 592-598.

[74]Shu L, Xu H, Liu B. Controlled cnn-based sequence labeling for aspect
extraction. arXiv preprint, 2019, abs/1905.06407.

[75]Xu H, Liu B, Shu L, Yu PS. BERT post-training for review reading
comprehension and aspect-based sentiment analysis//Proceedings of the
2019 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies. Minneapo-
lis, USA, 2019: 2324-2335.

[76]Tang D, Qin B, Liu T. Aspect level sentiment classification with deep
memory network//Proceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing. Austin, USA, 2016: 214-224.

[77]Wang Y, Huang M, Zhu X, Zhao L. Attention-based Istm for aspect-
level sentiment classification//Proceedings of the 2016 Conference on
Empirical Methods in Natural Language Processing. Austin, USA,
2016: 606-615.

[78]Fan C, Gao Q, Du J, Gui L, Xu R, Wong K-F. Convolution-based mem-
ory network for aspect-based sentiment analysis/Proceedings of the
41st International ACM SIGIR Conference on Research & Develop-
ment in Information Retrieval. Ann Arbor, USA, 2018: 1161-1164.

[79]Li X, Bing L, Lam W, Shi B. Transformation networks for target-
oriented sentiment classification//Proceedings of the 56th Annual Meet-
ing of the Association for Computational Linguistics. Melbourne, Aus-
tralia, 2018: 946-956.

[80]Zhao P, Hou L, Wu O. Modeling sentiment dependencies with graph
convolutional networks for aspect-level sentiment classification. Know-
ledge-Based Systems, 2020, 193: 105443.

[81]Tay Y, Tuan LA, Hui SC. Dyadic memory networks for aspect-based
sentiment analysis//Proceedings of the 2017 ACM on Conference on In-
formation and Knowledge Management. Singapore, 2017: 107-116.

[82]Chen P, Sun Z, Bing L, Yang W. Recurrent attention network on memo-
ry for aspect sentiment analysis//Proceedings of the 2017 Conference on
Empirical Methods in Natural Language Processing. Copenhagen,
Denmark, 2017: 452—-461.

[83]Tay Y, Tuan LA, Hui SC. Learning to attend via word-aspect associative
fusion for aspect-based sentiment analysis//Proceedings of the Thirty-
Second AAAI Conference on Atrtificial Intelligence. New Orleans,
USA, 2018: 5956-5963.

[84]Wang S, Mazumder S, Liu B, Zhou M, Chang Y. Target-sensitive mem-
ory networks for aspect sentiment classification//Proceedings of the
56th Annual Meeting of the Association for Computational Linguistics.
Melbourne, Australia, 2018: 957-967.

[85]Gu S, Zhang L, Hou Y, Song Y. A position-aware bidirectional attention
network for aspect-level sentiment analysis//Proceedings of the 27th In-
ternational Conference on Computational Linguistics. Santa Fe, USA,
2018: 774-784.

[86]HuU M, Zhao S, Zhang L, Cai K, Su Z, Cheng R, Shen X. CAN: con-
strained attention networks for multi-aspect sentiment analy-

sis//Proceedings of the 2019 Conference on Empirical Methods in Natu-



24 THHEML AR

ral Language Processing and the 9th International Joint Conference on
Natural Language Processing. Hong Kong, China, 2019: 4600—4609.

[87]Du C, Liu P. Helical attention networks for aspect-level sentiment clas-
sification. Journal of Chinese Information Processing, 2020, 34(9): 70 -
77. (in Chinese) (FL s, XIS, T 0 g 5 77 0 4% 1) 75 T 0 ) A
AT TR, Hr A B AR, 2020, 34(9): 70 - 77.)

[88]Ma D, Li S, Zhang X, Wang H. Interactive attention networks for as-
pect-level sentiment classification//Proceedings of the Twenty-Sixth In-
ternational Joint Conference on Atrtificial Intelligence. Melbourne, Aus-
tralia, 2017: 4068-4074.

[89]Liang B, Liu Q, Xu J, Zhou Q, Zhang P. Aspect-based sentiment analy-
sis based on multi-attention cnn. Journal of Computer Research and De-
velopment, 2017, 54(8): 1724. (in Chinese) (Zxit, X145, #idk, A5, &
. BT 2 VE R BB L M SRR E H ARG O, THENLT S
K JE, 2017, 54(8): 1724.)

[90]Fan F, Feng Y, Zhao D. Multi-grained attention network for aspect-level
sentiment classification//Proceedings of the 2018 Conference on Empir-
ical Methods in Natural Language Processing. Brussels, Belgium, 2018:
3433-3442.

[91]Majumder N, Poria S, Gelbukh AF, Akhtar MdS, Cambria E, Ekbal A.
IARM: inter-aspect relation modeling with memory networks in aspect-
based sentiment analysis//Proceedings of the 2018 Conference on Em-
pirical Methods in Natural Language Processing. Brussels, Belgium,
2018: 3402-3411.

[92]zhu P, Qian T. Enhanced aspect level sentiment classification with
auxiliary memory//Proceedings of the 27th International Conference on
Computational Linguistics. Santa Fe, USA, 2018: 1077-1087.

[93]Huang B, Ou Y, Carley KM. Aspect level sentiment classification with
attention-over-attention neural networks//Proceedings of the Social,
Cultural, and Behavioral Modeling - 11th International Conference.
Washington, USA, 2018, 10899: 197-206.

[94]Wang J, Li J, Li S, Kang Y, Zhang M, Si L, Zhou G. Aspect sentiment
classification with both word-level and clause-level attention net-
works//Proceedings of the Twenty-Seventh International Joint Confe-
rence on Artificial Intelligence. Stockholm, Sweden. 2018: 4439-4445.

[95]Zeng F, Zeng B, Han X, Zhang M, Shang Q. Double attention neural
network for aspect-based sentiment analysis. Journal of Chinese Infor-
mation Processing, 2019, 33(6): 108 - 115. (in Chinese) (& 4%, 5% Zi08,
FHIOEE, TREL, BS. HETXURTE R IR 0 4 0 24 10 75 T R
Hr. HFSCfE B 243, 2019, 33(6): 108-115.)

[96]Zhang B, Li X, Xu X, Leung K-C, Chen Z, Ye Y. Knowledge guided
capsule attention network for aspect-based sentiment analysis.
IEEE/ACM Transactions on Audio, Speech and Language Processing,
2020, 28: 2538-2551.

[971Zhang M, Zhang Y, Vo D-T. Gated neural networks for targeted senti-
ment analysis//Proceedings of the Thirtieth AAAI Conference on Artifi-
cial Intelligence. Phoenix, USA. 2016: 3087-3093.

[98]Xue W, Li T. Aspect based sentiment analysis with gated convolutional

networks//Proceedings of the 56th Annual Meeting of the Association

for Computational Linguistics. Amelbourne, Australia, 2018: 2514-
2523.

[99]Huang B, Carley KM. Parameterized convolutional neural networks for
aspect level sentiment classification//Proceedings of the 2018 Confe-
rence on Empirical Methods in Natural Language Processing. Brussels,
Belgium, 2018: 1091-1096.

[100]Feng C, Li H, Zhao H, Xue Y, Tang J. Aspect-level sentiment analysis
based on hierarchical attention and gate networks. Journal of Chinese
Information Processing, 2020, 35(10): 128 - 136. (in Chinese) ({4,
BRUGHE, BV, B, ISR, BT R R R LA T 4
BATE ST, Fh 3 AE B AR, 2020, 35(10): 128 - 136.)

[101]Song W, Wen Z. Feature dual distillation network for aspect-based
sentiment analysis. Journal of Chinese Information Processing, 2021,
35(7): 126 - 133. (in Chinese) (AR, i1k, J&TRFAL T 810 4 2%
HIJ7 T AT, o5 B4R, 2021, 35(7): 126 - 133.)

[102]He R, Lee WS, Ng HT, Dahlmeier D. Effective attention modeling for
aspect-level sentiment classification/Proceedings of the 27th Interna-
tional Conference on Computational Linguistics. Santa Fe, USA, 2018:
1121-1131.

[103]Sun K, Zhang R, Mensah S, Mao Y, Liu X. Aspect-level sentiment
analysis via convolution over dependency tree//Proceedings of the 2019
Conference on Empirical Methods in Natural Language Processing and
the 9th International Joint Conference on Natural Language Processing.
Hong Kong, China, 2019: 5678-5687.

[104]Yang Y, Qian T, Chen Z. Aspect-level sentiment classification with
dependency rules and dual attention//Proceedings of the Neural Infor-
mation Processing - 26th International Conference. Sydney, Australia,
2019: 643-655.

[105]Phan M-H, Ogunbona PO. Modelling context and syntactical features
for aspect-based sentiment analysis//Proceedings of the 58th Annual
Meeting of the Association for Computational Linguistics. Online,
2020: 3211-3220.

[106]Zheng Y, Zhang R, Mensah S, Mao Y. Replicate, walk, and stop on
syntax: an effective neural network model for aspect-level sentiment
classification/Proceedings of the Thirty-Fourth AAAI Conference on
Atrtificial Intelligence. New York, USA, 2020: 9685-9692.

[107]Wang K, Shen W, Yang Y, Quan X, Wang R. Relational graph attention
network for aspect-based sentiment analysis//Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics. On-
line, 2020: 3229-3238.

[108]Wang G, Li H, Qiu Y, Yu B, Liu T. Aspect-based sentiment classifica-
tion via memory graph convolutional network. Journal of Chinese In-
formation Processing, 2021, 35(8): 98 - 106. (in Chinese) (£, Z=i
F, BEETK, WS, M0 BT BRI AZ M 48 1 O T Ay
Z. HSCAE B4R, 2021, 35(8): 98-106.)

[109]Rietzler A, Stabinger S, Opitz P, Engl S. Adapt or get left behind:
domain adaptation through bert language model finetuning for aspect-
target sentiment classification//Proceedings of the 12th Language Re-

sources and Evaluation Conference. Marseille, France, 2020: 4933—



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 25

4941.

[110]Xu H, Shu L, Yu PS, Liu B. Understanding pre-trained bert for aspect-
based sentiment analysis//Proceedings of the 28th International Confe-
rence on Computational Linguistics. Barcelona, Spain (Online), 2020:
244-250.

[111]Dai J, Yan H, Sun T, Liu P, Qiu X. Does syntax matter? a strong base-
line for aspect-based sentiment analysis with roberta//Proceedings of the
2021 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies. Online,
2021: 1816-1829.

[112]Li Z, Zou Y, Zhang C, Zhang Q, Wei Z. Learning implicit sentiment in
aspect-based sentiment analysis with supervised contrastive pre-
training//Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing. Virtual Event / Punta Cana, Dominican
Republic, 2021: 246-256.

[113]Seoh R, Birle I, Tak M, Chang H-S, Pinette B, Hough A. Open aspect
target sentiment classification with natural language
prompts//Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing. Virtual Event / Punta Cana, Dominican
Republic, 2021: 6311-6322.

[114]Yang H, Zeng B, Xu M, Wang T. Back to reality: leveraging pattern-
driven modeling to enable affordable sentiment dependency learning.
arXiv preprint, 2021, abs/2110.08604.

[115]Tang D, Qin B, Feng X, Liu T. Effective Istms for target-dependent
sentiment classification//Proceedings of the 26th International Confe-
rence on Computational Linguistics. Osaka, Japan. 2016: 3298-3307.

[116]Liu Q, Liang B, Xu J, Zhou Q. A deep hierarchical neural network
model for aspect-based sentiment analysis. Chinese Journal of Comput-
ers, 2018, 41(12): 2637 - 2652. (in Chinese) (XII4x, ¥k, 153, J& 1.
T T O T I M B IR B R AR B,
2018, 41(12): 2637 - 2652.)

[117]Wang B, Lu W. Learning latent opinions for aspect-level sentiment
classification//Proceedings of the Thirty-Second AAAI Conference on
Artificial Intelligence. New Orleans, USA, 2018: 5537-5544.

[118]Liu Q, Zhang H, Zeng Y, Huang Z, Wu Z. Content attention model for
aspect based sentiment analysis//Proceedings of the 2018 World Wide
Web Conference. Lyon, France, 2018: 1023-1032.

[119]Wang Y, Chen Q, Liu X, Ahmed MHM, Li Z, Pan W, Liu H. SenHint:
a joint framework for aspect-level sentiment analysis by deep neural
networks and linguistic hints//Proceedings of the Companion of the the
Web Conference 2018. Lyon, France, 2018: 207-210.

[120]Chen Z, Qian T. Transfer capsule network for aspect level sentiment
classification//Proceedings of the 57th Conference of the Association
for Computational Linguistics. Florence, Italy, 2019: 547-556.

[121]Wang Y, Sun A, Huang M, Zhu X. Aspect-level sentiment analysis
using as-capsules//Proceedings of the 2019 World Wide Web Confe-
rence. San Francisco, USA, 2019: 2033-2044.

[122]Yadav RK, Jiao L, Granmo O-C, Goodwin M. Human-level interpreta-

ble learning for aspect-based sentiment analysis//Proceedings of the

Thirty-Fifth AAAI Conference on Artificial Intelligence. Virtual Event,
2021: 14203-14212.

[123]Hu M, Peng Y, Huang Z, Li D, Lv Y. Open-domain targeted sentiment
analysis via span-based extraction and classification//Proceedings of the
57th Conference of the Association for Computational Linguistics. Flo-
rence, Italy, 2019: 537-546.

[124]Zhang M, Zhang Y, Vo D-T. Neural networks for open domain targeted
sentiment//Proceedings of the 2015 Conference on Empirical Methods
in Natural Language Processing. Lisbon, Portugal, 2015: 612-621.

[125]Li X, Bing L, Li P, Lam W. A unified model for opinion target extrac-
tion and target sentiment prediction//Proceedings of the Thirty-Third
AAAI Conference on Atrtificial Intelligence. Honolulu, USA, 2019:
6714-6721.

[126]Chen G, Tian Y, Song Y. Joint aspect extraction and sentiment analysis
with directional graph convolutional networks//Proceedings of the 28th
International Conference on Computational Linguistics. Barcelona,
Spain (Online), 2020: 272-279.

[127]Wang F, Lan M, Wang W. Towards a one-stop solution to both aspect
extraction and sentiment analysis tasks with neural multi-task learn-
ing//Proceedings of the 2018 International Joint Conference on Neural
Networks. Rio De Janeiro, Brazil, 2018: 1-8.

[128]Luo H, Li T, Liu B, Zhang J. DOER: dual cross-shared rnn for aspect
term-polarity co-extraction//Proceedings of the 57th Conference of the
Association for Computational Linguistics. Florence, Italy, 2019: 591—
601.

[129]He R, Lee WS, Ng HT, Dahlmeier D. Exploiting document knowledge
for aspect-level sentiment classification//Proceedings of the 56th Annual
Meeting of the Association for Computational Linguistics. Melbourne,
Australia, 2018: 579-585.

[130]Chen Z, Qian T. Relation-aware collaborative learning for unified
aspect-based sentiment analysis//Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics. Online, 2020:
3685-3694.

[131]Wang Q, Ren J. Label correction model for aspect-based sentiment
analysis//Proceedings of the 28th International Conference on Computa-
tional Linguistics. Barcelona, Spain (Online), 2020: 822-832.

[132]Liu S, Li W, Wu Y, Su Q, Sun X. Jointly modeling aspect and senti-
ment with dynamic heterogeneous graph neural networks. arXiv pre-
print, 2020, abs/2004.06427.

[133]Mao Y, Shen Y, Yu C, Cai L. A joint training dual-mrc framework for
aspect based sentiment analysis//Proceedings of the Thirty-Fifth AAAI
Conference on Artificial Intelligence. Virtual Event, 2021: 13543-
13551.

[134]Raffel C, Shazeer N, Roberts A, Lee K, Narang S, Matena M, Zhou Y,
Li W, Liu PJ. Exploring the limits of transfer learning with a unified
text-to-text transformer. Journal of Machine Learning Research, 2020,
21:140:1-140:67.

[135]Lewis M, Liu Y, Goyal N, Ghazvininejad M, Mohamed A, Levy O,

Stoyanov V, Zettlemoyer L. BART: denoising sequence-to-sequence



26 THEALER

pre-training for natural language generation, translation, and compre-
hension//Proceedings of the 58th Annual Meeting of the Association for
Computational Linguistics. Online, 2020: 7871-7880.

[136]Yan H, Dai J, Ji T, Qiu X, Zhang Z. A unified generative framework
for aspect-based sentiment analysis//Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th
International Joint Conference on Natural Language Processing. Virtual
Event, 2021: 2416-2429.

[137]Li C, Gao F, Bu J, Xu L, Chen X, Gu Y, Shao Z, Zheng Q, Zhang N,
Wang Y, Yu Z. SentiPrompt: sentiment knowledge enhanced prompt-
tuning for aspect-based sentiment analysis. arXiv preprint, 2021,
abs/2109.08306.

[138]zhang W, Li X, Deng Y, Bing L, Lam W. Towards generative aspect-
based sentiment analysis//Proceedings of the 59th Annual Meeting of
the Association for Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing. Virtual Event, 2021:
504-510.

[139]Yu J, Jiang J, Xia R. Global inference for aspect and opinion terms co-
extraction based on multi-task neural networks. IEEE/ACM Transac-
tions on Audio, Speech, and Language Processing, 2019, 27(1): 168—
177.

[140]Wu Z, Zhao F, Dai X-Y, Huang S, Chen J. Latent opinions transfer
network for target-oriented opinion words extraction//Proceedings of
the Thirty-Fourth AAAI Conference on Atrtificial Intelligence. New
York, USA, 2020: 9298-9305.

[141]Veyseh A, Nouri N, Dernoncourt F, Dou D, Nguyen T. Introducing
syntactic structures into target opinion word extraction with deep learn-
ing//Proceedings of the 2020 Conference on Empirical Methods in Nat-
ural Language Processing , Online, 2020: 8947-8956.

[142]Mensah S, Sun K, Aletras N. An empirical study on leveraging posi-
tion embeddings for target-oriented opinion words extrac-
tion//Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing. Virtual Event / Punta Cana, Dominican
Republic, 2021: 9174-9179.

[143]Li Y, Wang F, Zhong S-H. Training entire-space models for target-
oriented opinion words extraction//Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in Information
Retrieval. Madrid, Spain, 2022: 1875-1879.

[144]1Zhou X, Wan X, Xiao J. Representation learning for aspect category
detection in online reviews//Proceedings of the Twenty-Ninth AAAI
Conference on Artificial Intelligence. Austin, USA, 2015: 417-424.

[145]Shi T, Li L, Wang P, Reddy CK. A simple and effective self-supervised
contrastive learning framework for aspect detection//Proceedings of the
Thirty-Fifth AAAI Conference on Artificial Intelligence. Virtual Event,
2021: 13815-13824.

[146]Ruder S, Ghaffari P, Breslin JG. A hierarchical model of reviews for
aspect-based sentiment analysis//Proceedings of the 2016 Conference
on Empirical Methods in Natural Language Processing. Austin, USA,
2016: 999-1005.

[147]Sun C, Huang L, Qiu X. Utilizing bert for aspect-based sentiment
analysis via constructing auxiliary sentence//Proceedings of the 2019
Conference of the North American Chapter of the Association for Com-
putational Linguistics: Human Language Technologies. Minneapolis,
USA, 2019: 380-385.

[148]Chen S, Liu J, Wang Y, Zhang W, Chi Z. Synchronous double-channel
recurrent network for aspect-opinion pair extraction//Proceedings of the
58th Annual Meeting of the Association for Computational Linguistics.
Online, 2020: 6515-6524.

[149]Zhao H, Huang L, Zhang R, Lu Q, Xue H. SpanMIt: a span-based
multi-task learning framework for pair-wise aspect and opinion terms
extraction//Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics. Online, 2020: 3239-3248.

[150]Gao L, Wang Y, Liu T, Wang J, Zhang L, Liao J. Question-driven span
labeling model for aspect-opinion pair extraction//Proceedings of the
Thirty-Fifth AAAI Conference on Artificial Intelligence. Virtual Event,
2021: 12875-12883.

[151]Wu S, Fei H, Ren Y, Ji D, Li J. Learn from syntax: improving pair-
wise aspect and opinion terms extraction with rich syntactic know-
ledge//Proceedings of the Thirtieth International Joint Conference on
Atrtificial Intelligence. Montreal, Canada, 2021: 3957-3963.

[152]Schmitt M, Steinheber S, Schreiber K, Roth B. Joint aspect and polari-
ty classification for aspect-based sentiment analysis with end-to-end
neural networks//Proceedings of the 2018 Conference on Empirical Me-
thods in Natural Language Processing. Brussels, Belgium, 2018: 1109-
1114.

[153]Cai H, Tu Y, Zhou X, Yu J, Xia R. Aspect-category based sentiment
analysis with hierarchical graph convolutional network//Proceedings of
the 28th International Conference on Computational Linguistics. Barce-
lona, Spain (Online), 2020: 833-843.

[154]Chen Z, Huang H, Liu B, Shi X, and Jin H. Semantic and syntactic
enhanced aspect sentiment triplet extraction//In Findings of the Associa-
tion for Computational Linguistics. Online, 2021: 1474-1483.

[155]Chen H, Zhai Z, Feng F, Li R, Wang X. Enhanced multi-channel graph
convolutional network for aspect sentiment triplet extrac-
tion//Proceedings of the 60th Annual Meeting of the Association for
Computational Linguistics. Dublin, Ireland, 2022: 2974-2985.

[156]Fei H, Ren Y, Zhang Y, Ji D. Nonautoregressive encoder-decoder
neural framework for end-to-end aspect-based sentiment triplet extrac-
tion. IEEE Transactions on Neural Networks and Learning Systems,
2021: 1-13.

[157]Wu C, Xiong Q, Yi H, Yu Y, Zhu Q, Gao M, Chen J. Multiple-element
joint detection for aspect-based sentiment analysis. Knowledge-Based
Systems, 2021, 223: 107073.

[158]Li X, Lam W. Deep multi-task learning for aspect term extraction with
memory interaction//Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing. Copenhagen, Denmark,
2017: 2886-2892.

[159]Li X, Bing L, Li P, Lam W, Yang Z. Aspect term extraction with histo-



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 27

ry attention and selective transformation//Proceedings of the Twenty-
Seventh International Joint Conference on Atrtificial Intelligence. Stock-
holm, Sweden, 2018: 4194-4200.

[160]Cheng M, Hong Y, Wei Z, Yao J. Aspect extraction via interactive
attention with sentiment words. Journal of Chinese Information
Processing, 2021, 35(10): 90 - 100. (in Chinese) (F£45, ut5=, Rtk
P R b1 R B2 HL R WL I PR I T, h o B
##, 2021, 35(10): 90 - 100.)

[161]He R, Lee WS, Ng HT, Dahlmeier D. An interactive multi-task learn-
ing network for end-to-end aspect-based sentiment analy-
sis//Proceedings of the 57th Conference of the Association for Compu-
tational Linguistics. Florence, Italy, 2019: 504-515.

[162]Angelidis S, Lapata M. Summarizing opinions: aspect extraction meets
sentiment prediction and they are both weakly supervised//Proceedings
of the 2018 Conference on Empirical Methods in Natural Language
Processing. Brussels, Belgium, 2018: 3675-3686.

[163]Chen Z, Qian T. Enhancing aspect term extraction with soft proto-
types// Proceedings of the 2020 Conference on Empirical Methods in
Natural Language Processing. Online, 2020: 2107-2117.

[164]zhao F, Wu Z, Dai X. Attention transfer network for aspect-level
sentiment classification//Proceedings of the 28th International Confe-
rence on Computational Linguistics. Barcelona, Spain (Online), 2020:
811-821

[165]Ma Y, Peng H, Cambria E. Targeted aspect-based sentiment analysis
via embedding commonsense knowledge into an attentive
Istm//Proceedings of the Thirty-Second AAAI Conference on Atrtificial
Intelligence. New Orleans, USA, 2018: 5876-5883.

[166]Zhao A, Yu Y. Knowledge-enabled bert for aspect-based sentiment
analysis. Knowledge-Based Systems, 2021, 227: 107220.

[167]Li B, Hou Y, Che W. Data augmentation approaches in natural lan-
guage processing: a survey. arXiv preprint, 2021, abs/2110.01852.

[168]Dai X, Adel H. An analysis of simple data augmentation for named
entity recognition//Proceedings of the 28th International Conference on
Computational Linguistics. Barcelona, Spain (Online), 2020: 3861-
3867.

[169]Chen Z, Qian T. Description and demonstration guided data augmenta-
tion for sequence tagging. World Wide Web, 2022, 25(1): 175-194.

[170]Wang Q, Wen Z, Zhao Q, Yang M, Xu R. Progressive self-training
with discriminator for aspect term extraction//Proceedings of the 2021
Conference on Empirical Methods in Natural Language Processing. Vir-
tual Event / Punta Cana, Dominican Republic, 2021: 257-268.

[171]Ding B, Liu L, Bing L, Kruengkrai C, Nguyen TH, Joty SR, Si L,
Miao C. DAGA: data augmentation with a generation approach forlow-
resource tagging tasks//Proceedings of the 2020 Conference on Empiri-
cal Methods in Natural Language Processing. Online, 2020: 6045-6057.

[172]Li K, Chen C, Quan X, Ling Q, Song Y. Conditional augmentation for
aspect term extraction via masked sequence-to-sequence genera-
tion//Proceedings of the 58th Annual Meeting of the Association for
Computational Linguistics. Online, 2020: 7056-7066.

[173]Hsu T-W, Chen C-C, Huang H-H, Chen H-H. Semantics-preserved
data augmentation for aspect-based sentiment analysis//Proceedings of
the 2021 Conference on Empirical Methods in Natural Language
Processing. Virtual Event / Punta Cana, Dominican Republic, 2021:
4417-4422.

[174]Ramponi A, Plank B. Neural unsupervised domain adaptation in nlp - a
survey//Proceedings of the 28th International Conference on Computa-
tional Linguistics. Barcelona, Spain (Online), 2020: 6838—6855.

[175]Jakob N, Gurevych I. Extracting opinion targets in a single and cross-
domain setting with conditional random fields//Proceedings of the 2010
Conference on Empirical Methods in Natural Language Processing.
Boston, USA, 2010: 1035-1045.

[176]Li F, Pan SJ, Jin O, Yang Q, Zhu X. Cross-domain co-extraction of
sentiment and topic lexicons//Proceedings of the the 50th Annual Meet-
ing of the Association for Computational Linguistics. Jeju Island, Ko-
rea, 2012: 410-419.

[177]Wang W, Pan SJ. Recursive neural structural correspondence network
for cross-domain aspect and opinion co-extraction//Proceedings of the
56th Annual Meeting of the Association for Computational Linguistics.
Melbourne, Australia, 2018: 2171-2181.

[178]Wang W, Pan SJ. Syntactically meaningful and transferable recursive
neural networks for aspect and opinion extraction. Computational Lin-
guistics, 2019, 45(4): 705-736.

[179]Wang W, Pan SJ. Transferable interactive memory network for domain
adaptation in fine-grained opinion extraction//Proceedings of the Thirty-
Third AAAI Conference on Artificial Intelligence. Honolulu, USA,
2019: 7192-7199.

[180]Pereg O, Korat D, Wasserblat M. Syntactically aware cross-domain
aspect and opinion terms extraction//Proceedings of the 28th Interna-
tional Conference on Computational Linguistics. Barcelona, Spain (On-
line), 2020: 1772-1777.

[181]Zhao G, Lv C, Fu G, Liu Z, Liang C, Liu T. Domain specific sentiment
words based attention model for cross-domain attribute-oriented senti-
ment analysis. Journal of Chinese Information Processing, 2021, 35(6):
93 -102. (in Chinese) (BXGHE, B R, £TEZ:, xI=pk, REE, X
V. BT AU R A SRRV AR e U R P IO A
B4R, 2021, 35(6): 93 - 102.)

[182]Yang M, Yin W, Qu Q, Tu W, Shen Y, Chen X. Neural attentive net-
work for cross-domain aspect-level sentiment classification. IEEE
Transactions on Affective Computing, 2021, 12(3): 761-775.

[183]Chen Z, Qian T. Bridge-based active domain adaptation for aspect
term extraction//Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing. Virtual Event, 2021: 317—
327.

[184]Chen Z, Qian T. Retrieve-and-edit domain adaptation for end2end
aspect based sentiment analysis. IEEE/ACM Transactions on Audio,
Speech and Language Processing, 2022, 30: 659-672.

[185]Li Z, Li X, Wei Y, Bing L, Zhang Y, Yang Q. Transferable end-to-end



28 THEALER

aspect-based sentiment analysis with selective adversarial learn-
ing//Proceedings of the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International Joint Conference on
Natural Language Processing. Hong Kong, China, 2019: 4589-4599.

[186]Gong C, Yu J, Xia R. Unified feature and instance based domain adap-
tation for aspect-based sentiment analysis//Proceedings of the 2020
Conference on Empirical Methods in Natural Language Processing. On-
line, 2020: 7035-7045.

[187]Chen X, Wan X. A simple information-based approach to unsupervised
domain-adaptive aspect-based sentiment analysis. arXiv preprint, 2022,
abs/2201.12549.

[188]Ding Y, Yu J, Jiang J. Recurrent neural networks with auxiliary labels
for cross-domain opinion target extraction//Proceedings of the Thirty-
First AAAI Conference on Artificial Intelligence. San Francisco, USA.
2017: 3436-3442.

[189]Zhou Y, Zhu F, Song P, Han J, Guo T, Hu S. An adaptive hybrid
framework for  cross-domain  aspect-based sentiment analy-
sis//Proceedings of the Thirty-Fifth AAAI Conference on Atrtificial In-
telligence. Virtual Event, 2021: 14630-14637.

[190]Wang J, Sun C, Li S, Liu X, Si L, Zhang M, Zhou G. Aspect sentiment
classification towards question-answering with reinforced bidirectional
attention network//Proceedings of the 57th Conference of the Associa-
tion for Computational Linguistics. Florence, Italy, 2019: 3548-3557.

[191]Zeng J, Liu T, Jia W, Zhou J. Fine-grained question-answer sentiment
classification with hierarchical graph attention network. Neurocomput-
ing, 2021, 457: 214-224.

[192]Zhang W, Deng Y, Li X, Bing L, Lam W. Aspect-based sentiment
analysis in question answering forums//Proceedings of the 2021 Confe-
rence on Empirical Methods in Natural Language Processing. Virtual
Event / Punta Cana, Dominican Republic, 2021: 4582-4591.

[193]0u G, Chen W, Liu P, Wang T, Yang D, Lei K, Liu Y. Aspect-specific
polarity-aware summarization of online reviews//Proceedings of the
Web-Age Information Management - 14th International Conference,
Waim 2013, Beidaihe, China, 2013: 289-300.

[194]Yang M, Qu Q, Shen Y, Liu Q, Zhao W, Zhu J. Aspect and sentiment
aware abstractive review summarization//Proceedings of the 27th Inter-
national Conference on Computational Linguistics. Santa Fe, USA,
2018: 1110-1120.

[195]Pecar S. Towards opinion summarization of customer re-
views//Proceedings of ACL 2018 Student Research Workshop. Mel-
bourne, Australia, 2018: 1-8.

[196]Kunneman F, Wubben S, Van den Bosch A, Krahmer E. Aspect-based
summarization of pros and cons in unstructured product re-
views//Proceedings of the 27th International Conference on Computa-
tional Linguistics. Santa Fe, USA, 2018: 2219-2229.

[197]Li H, Yuan P, Xu S, Wu Y, He X, Zhou B. Aspect-aware multimodal

summarization for chinese e-commerce products//Proceedings of the
Thirty-Fourth AAAI Conference on Artificial Intelligence. New York,
USA, 2020: 8188-8195.

[198]Liang J, Bao J, Wang Y, Wu Y, He X, Zhou B. CUSTOM: aspect-
oriented product summarization for e-commerce//Proceedings of the
Natural Language Processing and Chinese Computing - 10th CCF In-
ternational Conference. Qingdao, China, 2021: 124-136.

[199]Amplayo RK, Angelidis S, Lapata M. Aspect-controllable opinion
summarization//Proceedings of the 2021 Conference on Empirical Me-
thods in Natural Language Processing. Virtual Event / Punta Cana, Do-
minican Republic, 2021: 6578-6593.

[200]Wang K, Wan X. TransSum: translating aspect and sentiment embed-
dings for self-supervised opinion summarization//Proceedings of the
59th Annual Meeting of the Association for Computational Linguistics
and the 11th International Joint Conference on Natural Language
Processing. Virtual Event, 2021: 729-742.

[201]Ke W, Gao J, Shen H, Cheng X. ConsistSum: unsupervised opinion
summarization with the consistency of aspect, sentiment and seman-
tic//Proceedings of the Fifteenth ACM International Conference on Web
Search and Data Mining. Virtual Event / Tempe, Az, USA, 2022: 467—
475.

[202]Li XL, Liang P. Prefix-tuning: optimizing continuous prompts for
generation//Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International Joint Confe-
rence on Natural Language Processing. Virtual Event, 2021: 4582—
4597,

[203]Liu X, Ji K, Fu Y, Du Z, Yang Z, Tang J. P-tuning v2: prompt tuning
can be comparable to fine-tuning universally across scales and tasks.
arXiv preprint, 2021, abs/2110.07602.

[204]Liu X, Zheng Y, Du Z, Ding M, Qian Y, Yang Z, Tang J. GPT under-
stands, too. arXiv preprint, 2021, abs/2103.10385.

[205]Yoo K M, Park D, Kang J, et al. GPT3Mix: leveraging large-scale
language models for text augmentation//Proceedings of the 2021 Confe-
rence on Empirical Methods in Natural Language Processing. Virtual
Event / Punta Cana, Dominican Republic, 2021: 2225-2239.

[206]Mehri S, Altun Y, Eskenazi M. LAD: language models as data for
zero-shot dialog//Proceedings of the 23rd Annual Meeting of the Special
Interest Group on Discourse and Dialogue. Edinburgh, UK, 2022: 595-
604.

[207]du X, Zhang D, Xiao R, Li J, Li S, Zhang M, Zhou G. Joint multi-
modal aspect-sentiment analysis with auxiliary cross-modal relation de-
tection//Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing. Virtual Event / Punta Cana, Dominican

Republic, 2021: 4395-4405.



Mot a5 ARBHEDS 2 s or Hrit Fi2xid 29

CHEN Zhuang, Ph.D., postdoctoral
researcher. His research interests include

",,' information extraction and sentiment
\ - J/ analysis.
QIAN Tie-Yun, Ph.D., professor. Herresearch inter-

ests include natural language processing and recommendation
systems.
LI Wan-Li, Ph.D. candidate. His research interest is informa-

tion extraction.

Background

This paper investigates the research progress of aspect-
based sentiment analysis (ABSA) in the field of natural lan-
guage processing. Traditionally, ABSA includes three basic
sub-tasks, including aspect term extraction, aspect-level senti-
ment classification, and end-to-end aspect-based sentiment
analysis. Recently, more extended sub-tasks have been intro-
duced into ABSA, such as aspect opinion pair extraction, as-
pect-opinion-sentiment triplet extraction, and aspect sentiment
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tial labeled data. In view of this, we present this survey to show
the detail of both classic and new sub-tasks in ABSA, as well as
the techniques for tackling ABSA problems in the low-resource
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