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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
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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,
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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pendencies with Graph Convolutional Networks) #f&
B, HEE NS B e Mg g, i E e
22 ) 2% 3 2R 22 A T T ) 1 SR 1 2 TR 1) 44K
KR

R IHLE R BCE 3 EeT LS 2 FhAS [
(it . Tay %P2 H DyMemNN (Dya-
dic Memory Network) %Y, 8 ik ST HE
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W7k BT R B AS T 55 L 2 K4y
A ZE SRR, SR TR RRAE M AR, X ] RE
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 7
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 s i i Ff 71 5
SRR AT K 3 BT 55 5 AU N SCAR A BT 55, FR LA
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 AR . AR TG IR, UK
A BCH B T IR ARG B BRI AE 55 I A E 57
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 HprT
B 5 — A A DAAP R Mo A 538, O oAk 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
HRAR, MHEMNTHIEMR .

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 S W =PI - AU S S ISP S IR 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
MA A EAE S, 7R FERL BRI 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
TR RS SR B 2 M E R &R, IR BRI Sk
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 2HERERS P ERESNT BESHEXIE
EM | B5 4 A B %R
77 THI R4 EY
[2,42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56] X
! (26, 57, 58, 59, 60, 61, 62, 63, 65] Sk 22 HHR
(66, 67, 68, 69, 70, 71, 72, 73, 74, 75]
J7HE Y
A [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
&% 2 98, 99, 100, 101] oK
. [27, 102, 103, 104, 105, 106, 107, 108] A +a S5
(75,109, 110, 111, 112, 113, 114]
77 TH 175 Bk e HX
[22, 124, 125, 126] . (an50),
3 [127, 128, 129, 130, 131, 132, 133] Sk (a2,52) LLAEIES
[25, 136, 137, 138]
PUWCEREE il ,
4 [15, 66, 71, 139] A 002 HR
5 LA Ut o e
[12, 140, 141, 142, 143] S As+a 0,
EIET N o
6 (13, 16, 144, 145] ek C1.C2 S
, ESIITE P8 S Ut St e
. [14, 16, 146, 147] ARG, S5 -~
i -
77 THI =W 25 5 4 EY o (a1,01),
5% 8 [136, 137, 138, 148, 149, 150, 151] R (22,02) M
%%U*‘%@Xﬂﬂlﬁl N, (01,51), e
9 [152, 153] A (€25) IPIRHHCRS
J7 THI— W0 175 1k = 2 4 X . (a1,01,51), ,
10 (17,18, 19, 20, 21, 22, 23, 25, 37, 133, 136, 137, 138, 154, 155, 156] A (32,02,52) ELAEIES
J7 THI= 2] 18 8 = 4 il . (a1,€1,51), s
1 [25, 141, 157] A (a2,C2.52) RREES
J7 THI= W0 25— 28 5311155 % Y 76 4H Al . (21,01,C1,51), 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
S ARL R b2, 3 8O T 4 I ) A Bt £
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
PRI R A RORFIE . B, B AL RE R D il
KRR H AR AR A o R R RN By, DA 2= B
Y st. B, FERESUET, BRI A R
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
R IE R, RIBBAT AL AR AR 16 77 1 iR
ORI I U AT R AT AR T I, R IA HL B
B EFEAAN RIS, AR U X DL LA SRS
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
WIERAHE . 2810, XHFOrm g trimn 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 8 T iz in @, Bl
7k 72 X B AAA [R] 14D 52 e B AR AR AT PR R A T 1
AN, CATEEEAEE T RS
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, PRI T s I tr B A i 22 ST e 1%
BT RRE . T RRIX— ), 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 R4 B RN . 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 WAL 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 N — Rl - THIC B R
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 AT, 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 R 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  FETAE R

AN [F) 45035k P 1) 7 TR % 195 186 A0 BT A 55 A A v 4
P AR, H R B AR bR v A LA
BT MYERE, LR AR T IR AT H A A7
FERIIHZE 5. Ramponi 2253 MM o8 7 G oRiE =
Ak A i TR A0E B V. RN T TH 2 1
T T A 55 B DRV R A& T THD ] R X R (1) 1 TS
B TR 43 TH R A R RE 1, BT LA
U A3k FH A 2 1] 14 40 3k 3 . 7 v DAIE
T RGBS MAL S« N T fRYIX A R, B
BT AR B AT 45 1) AN B T v R R =R
77

B —Fh 5 v 2 ) FH A e FH 1 R AE SR AT A0
WA B 7 T S FE S S . filtn, Jakob &
2 TSV {5 P ] P R 0 B A2 5 AN 2 AR B 1 )
i, R T B A 25 AR AL SR bR i 5 TR . Li
ot v 2 WL o ity 5 — 6 o B 13 PE 1) 2 J5U3A) F 1%
B AL OC R HIE M E 25 5 1R H AR A R
U A5 A 5 T ] . Wang 25 2 g BT8R 45 i P
T AT AEAEAS [F) A3k 2 1) PR A AL, 78 1K
AR FoR IR AP 28 W28 AL SR AR, I 2k B & 5
S e 700 5 FU AR B8 . Wang 4% 2% 32 0 i 2
>4 e 1A L A B, AR A R AT e B AR
WU AR JT T A  Pereg 4% 2% 2 OO I T-41) 352 1
5 AT B MBI HONGRE S A, AR
- BERT EESIISAFE @A IIRE /T RS S
CUBLIyer ot 2 R AE 2 1) ) 43 9 AT R A R S A
WA=, FEBEINZGERA T2 28 H T
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This paper investigates the research progress of aspect-
based sentiment analysis (ABSA) in the field of natural lan-
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sub-tasks, including aspect term extraction, aspect-level senti-
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