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Abstract  Aspect-based sentiment analysis (ABSA) aims to identify the opinions expressed by
users about specific 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 research tasks. With the rapid devel-
opment 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
scenarios 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, we summarize and compare the
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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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T ) ) 1 DUBR T AS 56 42 D I #b 58 1 AH N = J0 41 Y
bR, TE L T ASTE-Data-V2 A<,

(18) MPQA" g 97 Il S0 8 850408 48 B4 ok A 2%
oo e SCEE. MPQA 4 B8 6 T8 1l o 9 SCAS J Bt
HEAT T ARG IR HE TR X T SO B B 1
PR 1 R B L AR R O B X R A & 3T 1)
SIEE PN DR

(19) JDP A" Hy 3 42 45 38 1) 1 7% 200 . % 25 9
A VIR G U i LA 0 G2 Cln 42 38 L 42171 46 Rt 42
XF G CINERATE V3l 03550 S 2R AR TE 13X S8 52 R X B
P18 17 SRR R RV A e A A0 B S 0 L R R
DL K SRS [ $8 J 22 [] ) 248 56 R AT 1 ARTE.

(20) Online Service™"" >y 75 28 - 16 45 1o B 41 4 .
ZRE AR IR B RateltAll F eOpinion [ 3 (1)
PEIB SCA i 20 JfC . He v A2 45 X T PayPal, eGroups,
eTrade.eCircles ZE4E £k IR 55 B9 PEHr. Online Service
BE A T PRI o s B 5 R R RO A
AR DL RN R B A AT T TR AAR T

(21) CASAMY & — A SCEUIR A 10 Xt 4 5
R BT AT 5 % B R ALk B H R N
WgicE 5 DuConv #1587 1) 18 248 % NewsDialogue
SRR IR AR R SRR RN AN R RPN o1y L
S, Hop, NewsDialogue 19 %54 A ] 7 I 3452 84 7
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A5 A0 B 15 T T RS R L B A X O T D L R
A BN AR PR AT T AR A L — R a4 A%
T 46 v 1 I 1) R0 L A 1) AT BE R 7E [R] — A i R i
JE A3 WA X 0 45 A3 45

(22) ACOS*" {13, 5 48 4 71 H o 193 1 450 338 11 4K
P 4R A SUEE 45 L) SemEval-2016 Jy JE Al #E 17
TR R L R G o ek K B 4R R AR A AT A Amazon
AR T A5 3. ACOS Bl 86 4 F 938 v i 77 16 3]
7 TET 2 530 O et ) A5 SRR A DY DT A AT T RR T
Hh D7 T ) R A5, i AT B A

(23) ABSA-QUAD™ b, j2 U 7T 21 $i 48 4 - A i
WZ R ACOS. iZ %5 4 L SemEval-2015, SemE-
val-2016 R SERHSEAT T U o4 bR .
2.3 EMIERR
2.3.1 M s

XiF T TG IR AT 2 R B A oy R BT 55
FHEY 43 25 F #r 45 B 0 fE 81 R (Accuracy) il F1-
Score. Y % (Accuracy) 32 T B AL 43 25
ST RE L HL B S5 T T E B R AR RS T AR AR
1 L

i N
WM R (Accuracy) = il Uiiﬂ;:ﬁ;j&ﬁﬁ @D

F1-Score W SGTHARALS TS [6] 2 B BE A 1) 43 6 14 RE.
T IS F1-Seore (i, 6 % et B
REER ) TPLIEFD TN E A  FP(RIE
B FEN R 50D B, B354 B 28 (Precision)
H B & (Recall)

TP
Kt R (Precision) Zm (2)
3. )\ ~ :7TP
AR (Recal) =757 (3)
&I, F1-Score A] #14 K
2 X Precision X Recall
F1-S = 4
core Precision +Recall 0

BUAb 43 AT 55 5 ¥ B 2 A A [ 2 51 R
B ¥ K Micro-F1 #l Macro-F1 iJ$8#rtF 4. i+ &
Micro-F1 i}, A X 73 26 5l i 45 it TP, TN, FP,
FN. AT AR EME MR )5, 1F 558 F1-
Score. I AEA B 2 19 22 5], £ Micro-F1 1158
o R R R 1B Macro-F1 A, U &
WG B — 28 19 F1-Score, # 3K fir A 28 %l
F1-Score MBHCF ¥ E. s, T A 28 5 06 ke AR
b T Macro-F 1 & [R5 #2211, 78 92 b
N H SR Macro-F 1 47 PFf » D 4 Z B AR
B T S SR AR

2.3.2 HHEGEH R IR

Xof 7 T o) il B O ] Al BBCCSE ity BB AT 55
& 0 PE A 48 bR s RS B 8 (Precision) . 3 1] %6
(Recall) fl F1-Score, {H 115 J7 X f§ A A [\, Bk
Hiy s LS Al IR 2 SR AU B 19 v Be S AR B
564 DL A o A T A 2 b BCIE A . B B O A 5 R
157 Ay (1

T R TN g S Ak

K12 (Precision) = e (5)
1 A I ) S A

1] % (Recall) — "o DR B2 TR (6)
I (Recall) = 2o W9 h i M

WA S A 8 X T AR R R TR AF AT 55 B As el FL-
Score 1377 W 5 43 25 A1 55 A0 [H]. el T il B A 3
B N2 L8 T TR U ) U ) e U2 28 5 R e Ak
&) F1-Score Al A N 4& Micro-F1 f5#5.

T B E B X T 5 -1 B R, = ool
FHCSE 20 G AT 55 - % R ] Micro-F 1 #1734
SR ASCR R Al BB A 1% s A A8 4 A R BT By
HACY B 2 s b i — P EEE S Hir 2
TR 58 4 VT I o A AT A0 A 1 BRI

3 FERBRITAE

AT R T DU S AT AT S5 A
JEAE S5 1 7 ik IR AT TR AR L A3 #r .
3.1 [EXRES] AEiAHEK

5 1T VAl B A O B b 2 A B ) AR A 4 T
PRSP R B R R T AN TR 2 O K
AR A R o =R 2R T R T R B 2 S
7 BT A B Z A vk F A T A MR
SRR k.
3011 TP IREE Ik

WE 3 Frow A& 58 8y J7 T 1) F0OU A5 18] 54 il B
3 F OB F B F TR A s R T
FRIN B i o SR R B T ] R WL A 3R] 22 [

v
Filbs R

i S BB I
o | [ ] |

HED ﬁ C(C XV)VP

SB AD
ATT AD P SBV-7;

Root XF ®ME M= #iK , @R #F& FE Xk .

r n d a wp ¢ n d n wp

Pl 3 T RO A T 3 ik
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(R AR08 5 28 HE U] I 3k 28 0 U] 55 SCAS 3R 47 DR TS DA
¢ A I

Hu 4524 5 il F G 10642 4 55 12 A 44 1) 5 4% 1)
A rp AR BT TR S X T DL Y 5 TR 23 [ A B0
S A TR R AT AN FE. Qiu S 3R LA
#% (Double Propagation, DP) % 3% , f& B 75 8% 1a] HL
MR B A7 s i 2t — R 5 5 Dy T ] RO A TR R DG Y
TR 5 RL 25 19 05 X 58 77 1 ) AU A, ] 4
H SIS BT I S 2 A 3h 3 4 R R
AF b RS AE 1Y 0 T IR] AL A ) 4 B A 00 O 3 ik
TG I A A R DU AR 1Y s % B 2 AT UL A il
B Liu 822300 R T iR G0 R BR S B0 1 T
1) UL A 3 B 6T 5% JF AR 2L B0 & By A B R S8 B
ICPE BE A 42 5. Gindl &5 2% 35 fi T 3] 4 A5 A DG i
5 T R) o 5 1 T35 /) 15 JE A% 5 LA G K 5 T 1) R0 A
i) B4 AH EL AR S TR 8 R A 1 5 T ] R s 3]
TTRBZ G Zhao 2 FH IR HEAT T A IR = J2 K
FERN Z (B Y S BRAR BB . Lin 522 58 THEAR
() 75 T ) 22 [ 57 B ME A ) OGR4 s T —Fh R T
T SCMARLE F0 D7 T80 30 SC 3 42 48 10 O 125 5 ik — 20 1 ik
TR B k. Gunes 5530 B 130 i i) M b
TE R ELAR RORE 5 T ) R AT SRS A B2 R AR I
Y. VT RE I S 2E Y O T IR AT A AR 1 T 1)
L st v il B DAREAS I I PR AR T A ) 3 43 BT R
SCF BRI S R H il SE B T — R AT LY
il 7 . Shafie % 2% 3500 8 i 5250, % Ho 1 78 4l By
T ) RO 5 3] F) e A s A ] 288 R ) A i OC R A i)
PE A SRE I B 7

WE 4 s, 3 T gt 5 B 5 7 SCR
w7 VB R Y O T 2R O i — A2 A S R 28 )
e E R O PR U A T T T R 2 R T RN Bl A5 2
T A TAE 32 20 2 W Rh U o0 B O
TR, AR e 4 b 1 P ) il AT 5% 5 —
ol SEL B 2 K 5 T TR R A OQ B S 0 TR A e 3] 3 R
AU, i 4, Mukherjee 45 2% #5032 fff F 20 i A
T B o T R R B T A G 32 A R A D T
bR R R AR S T b FE 48R G Y 1R, Chen
o S AR LS I P AT NS R (SR L
FTRTR A 32 2 S R, JF A T S A 5%
M must-link £ 4 1 cannot-link % 4. & =~ & 2
BN AR AT T T SCHE AR AN T B R OGS B
—# % FE T _E iR must-link 1 cannot-link £ &, 5C
BT 55 W ) LDAL 55 R L% B A5 48 T 32 A A
M2 fe )1, He 22 205 4 1 ATAE (Attention-
Based Aspect Extraction) #8 &1, {5 Bl i7] 7] & F1 13 =

FI R R ST B L T 8 ) 2% By o AR A SO i
M T 250 LDA B AL Liao %52 F 0 J i FH i
BB AP, K AR 4> B Y6 13 #% (Variational Auto-
Encoder, VAE) B R, 43 5l 48 8% )= 3 1K SCfT 42 R
NS A R T I A 2R N 4% 1) A

it
HEAS
AR E
TSRy I
wIT Wy Sushi i -
W O e I
o oM HE vk G
L] » T
HED 200
SBV.
ATT AD P ADVSB AD
Root XZFK #IE MY Ms , ER HA JEHE EK .
r n d a wp ¢ n d n wp

P4 BT SR T5 T i il

UL Ll 3 b n] LA L T TR A4 J7 3%
O SRR 5 A Ll i M D T i A
b S 22 18] Y 5 R R 5 Bl S B4k B 55 5 M
BT GEHE B 75 15 00— e A By 32 AU 42 4 AN [+
TERAE B I SRy T ] B AR T T R D N
TG B AT BN AR 1 {E 0 0] £ 4 L i
JE 58 F  GETH R ME LLIE B BT A 55« DAL A fE 52 3
FIR . 3 4 o U P 1) 0F 5 0 38 T K ) T B A
B W S Tk
3.1.2 RTHWERZEEMKINE

RS 0S5 T e i R A M T i T
T 3 R IR e 78 B3] P AU O S A 2R TR 1Y
A W SE IR N S TR,

2 | mp [ B
pl e R

5 2T W B R R A O T ] il B

Jin 252 Z U0 T = FhoER AR L 2 B R A
(Part-of-Speech, POS) | ¥ ]\ J& 28 5l 1 5198] |2 F
ok RN Bl #24  flATToR A B 2 (Bootstrapping)
B 7 I 4k B 5 R AT K B A (Hidden Markov
Model, HMM) H] T #5 {1 .18 J¥ 41]. Mitchell % %
U0 [ Bl P R U2 R AR AN SRR AE R R ).
oL R ZERIE AR R B RS KE K
WK B AE O SURRE AL TS 2 75 o HE e o E R 3
i) SR A N 44 1 I R AL AR BURRAE S L I
£ BMLE (Conditional Random Field, CRF) @47
FriE. NILC_USP® | NRC-Canada™” , DLIRECH
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F ECNUMNY i 6 7E SemEval-2014 35 2845 588 | HE 44
HiF i R, #4948 Bl CRF $EF7 bR 4 £ F 1
5 B4 R AE G0 BRLTR] TR TR A L SRS I B LA
(A1 RNE R Al I vl R e G DA S I D
FER HuiA). Liu 524 35000 58 i 3 70 2R 8008 1k B
JoT 5 1) MRS B A R DU 1 i s AT S T 1 I T
75 T ) AN 5G] i B Shu 55 24 2000 31 R AR
PEAR TG A AR A L I AR Dy B GR]RRAE | 7
Titlh b ) & B 24 3] B 5 () CRE ke $2 445 B Y A5 1
TERE.

FET) R 2 2] Bk Word2Ved ™ W & T, —
S T AR A B T W B 2 o SRR DA I BARRRAE R 4
i) i R R, E— 2B 8 T T 7 il O P RE. Yin
A e 0 R 0 W B vk 2 20 3] ) R
PEAR I A R BE DL R AT AR TE . SRS R R
W TR m AR SOCR T 5 S ME TR
A2 T TV THRAAE (1) J7 5 R A 2.

FWE T2 R S TR AR 5 3 R
PR B B B B {3 A 2 AR AR X B ]
113K B4 G Plde 7 R AT 7 T il . T
W H BT GOHNR IR AT FR AR A 1 ORI 2 % 2Ty
BalA T BAMG N Ty B IEACH .

3.1.3 BT A B RZ AL Tk

Wil 5 TR 2 20 B %R S K 1) [ £ PR 28 ) 4% A
G55 H M IR)Z A W IR TR SR
T B SR T ) A IR S R . TR B A 2 R FH i
B (124 2 J7 3 0] DL E 3l i > Rk 8 5 ) RRAE
KR REAR TR B A, A FH4 , an 18l 6 R, B
P T 7 T ) il BB o 28 T 4% 55 78 AT 43 SR Y
Tofr o A0 B Pt 25 00 24 356 U ot 28 O 2% L 46 B A 48 T 24 A
Transformer 4514,

fia £

FHIE

P
E =D | s

B 6 BT A B IR AR B 75 A il R

A T A e 2 I 4% ] DA A IR 1R SO
PRI AE 5 T 3R] il BB 3R, A )T iz Liu SF A
EE I R N Y S O e
T 5w iE s o) TAE . 9223 7 Elman-type, Jor-
dan-type Fll LSTM-type =l A [|] (1) % 28 2244 . 7 1E
SR T 19 6 P AR AL A ) B it b R TR AT
HESFIE T SRR, 5 LA F CRF LA
LSTM-RNN 45 ¥4 1% 5 78 250 35 90 8. 5 28 4 X)
TEPR 28 0 45 AT — R A Bk, Wang %5 2% %0

EG TRV N 2% 5 5 AL B L 8 AL sh 1R
ARZS S AT T 1 1) A T Ma 2 2 2050 FI) A0 38
P2 SR T 5 B 3 B AR L BB A8 1 A b
TEF 3. Wei %52 55 fifi | T BILSTM-CRF (1 41
B BRI AR B P 288 1E ) 51 b 1 AR v
NI 2. Yang G523y LSTM 34 1 4y
AR A A AL L X R TR AL R X R
G b Ak B 5 22 A BRLTR] 1) T ) 7)1 25

5P 2 o 2 LA S 2 RS BRI R T SR
FERIE AT AT I 25 AR 2 6 R D) S B B% A% I i
TEALHE. Wang 24435 38 1 Stanford K i i 7 T
ELABATVE IR o AR 8 2R 30] (] 1 40361 0C 3R A A0 5 A2
AT 2 R A ARAE A . Luo SR F T it —
AR B i A5 A 1 o R R O UL i A 4 L T g b e A
T LR RFAE.

B BRI 2 0 24 B 3E A HR IR FRRRAE L R T
FHF#EA N-gram FEAE , F) HI B 30) 76 [ 2 /NN 1Y)
R SOfF O BT A . X S T 4 5
A ) i) ek R4 35K 1) 1) L 4R T — bR O TR A
T ARy XS 3] i A\ 3 AR 2 0 445 45 388 R) 1 i A A
BT TR AR LI AT O s AT I B BN
2% [i) I A 25 20 0 P . Shuu 25 2 570 A 35 FHL W) 4%
I T BN A B, LS 28 22 3T 9 O s A
W DR T B 45 1) M L 3 e LA A R 1Y
Y GRBAE o DT 35 20 5 A1 14 i B

B 5 711 2k 08 A4S =X P TR AT L R B 2 0k T
Transformer 45 #4 52 3K A 10| 5458 84 (1 T4 JF
I L. Xu S5 5 e NEE AT F & Yelp I
Amazon WA T K& Y 45 58 4 B d . B L BERT #
Ty LTl S A 3 B RO b HEAT S U S5 6 U R 2
& F BERT w. )5 . 56 F BERT #i th (1 & )2 18 X
RRAEFEAT 7 B b 3 #2745 Bk B T H
[P E &

3.2 [EXaEsIrmEERsE

5 TR IR 2 B R S TR A DG Y
S0 LA b R SR . B 0 T 1 S 2 T 1
AT LAY =2 e B i iy MU 4 i BT
WRAF AR AT B0 T 12 R T TN R 700 14 7 3% 3 s
7 T AR R S LT ST S AR [m] 1 X 40 k.
3.2.1  FEFHEEAHUE 0Tk

TE R ML H A 5 o 5 1 B OG B B F S
W07 - B8 12 F T 7 T A 26 %0 i B
BT S A A A B T R [ A AR DT 38 5 A
SR AR, I8 0 IR B T A 7 TR,
IR R BAE IR S A o 2 2% [ AL
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| | v TERE I ML Lok 3% 35X — [a) B, Fan 55 2% 50 42
R R | e RS = o MGAN (Multi-Grained Attention Network) 5 %l H[I
e /\X Gl e LA Sy B e v o e A e o e o
(B s s [ ZORLIE T T8 D I 4 45 MR 2 R0 410K J3E 3 78 7 ok
Jy i . - I . e
o SR J7 18 3 A E R SO %8 A5 B Majumder 4 %

7 BTk = pL i gy T

MHTA Z A5 TR P 45 G r b 28 N 45 224
Tang %52 U $#8  MemNet (Memory Network)
BORL 258 TR 5ic1e M 4 e &R
b o= W = G I ] T VAR o o 2 I s [N
. Wang 22220748 1 ATAE-LSTM (Attention-
based LSTM with Aspect Embedding) i %, 2t 4
THEEAVLE SIER 2 M, DRI RE 5 m
WA G B R SCHFAE B B Y. Fan 2522 57455 T
RIS SRR, I35 T N-gram
fERTE R I ACE. Li %2 % 42 5 TNet (Trans-
formation Network) # 5 , Kf V: 55 7 L 1 5 5% 22 )
EAAGE A o IS T AR X R 2 8 YRR AE AR 4
Zhao &2 503 SDGCN (Sentiment Dependen-
cies with Graph Convolutional Networks) f& I ,
TR STHUR 5 b 2 0 4 45 G, 38 ) BTl 28 ) 2% 1
AL 2T T ) A7 SRR e =2 [ e RS G R

TE R AL b i AR 23 0RT DA FH 22 b A [) 1Y)
8 )7 . Tay &2 2504 1 DyMemNN (Dyadic
Memory Network) #5#4 , i 2 7 1 852 e 11551 & )
A E. Chen 222 E2# if RAM(Recurrent Atten-
tion on Memory) 1 , {144 £ 2 Ay 1 & I ALE
T GRU 22 B I ZE R, Tay 5§
SR A BRLH LT B T AR R
TP ol AR e S P, Wang &g I 5] A T IR
ATy A Z 2 B I R . Gu %7
H ARy A B R R R EE T
S h R 4 G 2 X 0 ) B Hu 2% 5 g T f
P A7 TR DG T By R SO M B, 4@ 0 o i
JIAL 3G T 1 A 24 o {8 45 AN TR] T R DGV Y b
T T IES. AL E G T R I S R
R 1 2o R e, R o b S8 A B S O T L R T SC
IR,

TEE AL Al PR S A [RRLE #9 £5 B Ma 5§
2 U8l b TAN (Interactive Attention Network)
BERY FEAE X BT SO R AL A A b TR
X7 T ) R I D ML S A 2 2 R F
A PRI 28 P 25 Bk 2 Xof 4 Jmy {7 B R R, BT R ) 2 T

HUUAEZ 20 AL R SRR B2 R B AT I8 S
AN [ D TG ) 22 8] B9 56 2R Ol 1 By A D T ]
5 BRI AEH R R Zha 25T R
19 75 1 26 B B 0. Huang %5 2% F19 2 1 AOA
(Attention-over-Attention) L &Y , § /& 3 T 40 KL &7
TE 7 (6] i g 7 T 3] 55 b SCRY AL 28 B G AR
Wang 5527 5 0 & — > 2 2 R ) N 45 D) A
BRG] TR T R A . B B R R
FETI A Z R & AP E SCRRAE (1 [) B 6 B3] 9 3 7 )
A FHRER S LT HEE. Zhang F4 70 48 H
KGCapsAN(Knowledge Guided Capsule Attention
Networl) #5#Y , 75 5 4 1 5 ) W 48 1Y 1153 b 5] A A)
A N-gram FAEAE 45 5.

R 22 A6 T AL A] DL AR & —Fh R &5
A — A4 BE A T AL A S 307 50, ol LU T
[ 38 7 b 46 B B R SCHFAE. Zhang 2524 51T TR A5 BR
Hirze 4 RNN A SRRt En AT L6] RUIE R J5
WA B 2247 F R SCHRAE. Xue 2522 HUY - GCAE
(Gated Convolutional network with Aspect Em-
bedding) 5 #Y , 7 A5 R Bk T 5 BURH 28 (0 2% 5 1] 4 L
il S B8, AT DA Ak B A 45 8 T IR IR R B
Huang %52 52 FI 2 800k 1 13 U8 48 5 110k
R GRS N AN E SR AR Y CR R LR T e
HUO R T ARy I RVRD bR S0 22 ] A8 LA
GRS RN T T AL 5 2 U = pL. R
SeEH U MIEF IR SR R ER. B
P U8 5 07 TR AR SCIK Y R 3.
3.2.2 BETARAFRIE ST BT 5

TE il 25 00 28 54 o il 5 506 30 10 SCAR TR 1 25 4
AT Sy 05 T B AT S SR A T R B R SO E Y
KIRAFE A B THETPERe. 765280 b, S A7 1 K
A o3 L B (4n Stanford CoreNLP #1 Spacy I
HAD BRBURAF AL A5 B - P4 T AR 3153 3
i AT LA B R S o S A8 vhE A A 551 5 T ) A
KHYRHE R 3 a8 8 B,

AT AN
oA

LN e
ﬁ s
PN HE | g [ il

il a o R
Bl 8 TR AT )k 1 O TR IR 6
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Dong 852 #7 k FH H 3E N 1 36 U5 28 ) 2%
RNN 5 R 3 G HE 5 T8 6] 19 157 2% R AR F0 A1) 125
FRAE A% 15 3 5 136 19 22 b LUSE Bl 1 2% 43 26, He
S N i T AL S 2 R AR M B A B
BOK A B SCHA 5y A Sun G2 O R
CDT (Convolution over Dependency Tree) f& Y , 5t
T A B Bl 25 0 4 A AR AR b AR ) Y T T R
fiE. Yang 4524 00 F) FH AR BT 1) 485 21 5 e X
FUIN DLV 35 ) AU . Phan 527 000540 # fie
B ZJ5 B PEAF 5 AR 0C R A5 Bl A B 1 R [n]
P IR R OLH P RS T AR O Z 1A G
BK. Zheng %52 ARG AR BRI T REBLIE E
B Al T B SO B G B B R AR . Wang 485
Fetorl 5 i RGAT (Relational Graph Attention
Network) #5544 4% 58 (1 {8 73 BT s 4 ALl 17— 4>
5T 1) 3 A B HORS AR 25 A L T O R B T
25 3 G T 0T ) AR RS 5 4. O AR AE T IR il
B TR THAR AR Y B S TR 28 FLRE T R S0y
RRIA S
3.2.3 T WUIZRIE S BRI 7 ik

P B I - A5 =X IR AT A RS
YRI5 5 B R b B i o SRR HEAT J T 8% 4 25
C4 o EU, WK 9 PR, 78 B 2515 5 A B,
T LI iz L SR S Sk 7R v A 2
) AR N TR SE B R 1 RE A S Al AR B L P X
L SR AT e,

o
i

A
A | [HHE i
A sz | = |
B9 TS50 5 R0 f 7 1 R 2

Xu 852 #7 §2  BERT-PT 5 AL, ) I 48
W JEAT 55 78 R A B 45 10 9 38 R | % BERT k47
JE . SR )G . i FH 40t J5 I 25 BERT B AU 7E J
AT 500 4 R AT A AR A T 3 ] 1) Y AR
BT BCR IR T B 2. Rietzeler 55 2% H0Y $2
BERT-ADA #i#l  Z#RIZEE T B W RiE 5 il
O AR W B AT 55 0. Xu S22 H R /T L)
Hemh BT T — RIILE B T BERT-PT KLl
TESEAT 7 T 18 8% 43 28 i P 0 1 5 0 AR B 43 A
B, 8T A AL M A B ] B) Y 6 R, Dai G 2
U W S A A T R 2 A AR
FHA% 458 1L fdf A 00 (A7 ) 4. S T kAR Y R i
TR 73 9 B 20 M5 B Li B2 g R i —Fp

HE R
TRIZ

G55 R LA 2 A W B IO 25 07 ik AR 5 Ba o
J& 5 B 2UIF K. Seoh S5 2 NG Ty THIF R 4y KB
LA Ky AR E F AL 55, IS5 & Prompt ki
BI85 AL & 9B AT, Yang S22
#H LSA (Local Sentiment Aggregating) f& %l , 7
555 JRy P IR R A LR 1Y [ B el P A I B Y i
TR AR A% 8 1Y /) 1 OB A 7 T R 2R B IR
7B PR RE. TN -0 Oy X )Tz B
FEIRTE T 5 TR Ry SR B MERE L B T C S i
GRIT k.

IR By R T R AL R A
Ay e AT i S R =2 b T T O
FAT 55 30 7] DL JE F 4 B AU M SR A A
TR D 5 O 3 A R D S T i S
ARSCAE AR BARME BT 2% G183
3.3 [BEAXRESIFE-EREXTHE

5 T -1 O il BUAT: 55 15 A [a] ik i 3Bt 3 a8 3
A BT A B 7 T ) B LA R A R M L R T T
RO 55 5 05 T O AT S A

— i ] B ) AR S0 R T T Y BT R A T
T ) i ST 5 07 T R 2R 0T i AT A RIS
HEAT Iy 0 e b B, P BT 0 6% D T 3R] 2 AT O T
SR ANTE] 10 FT 7R+ 0k R K AR (L
X RAERNLEAE P A ™ 08 1) [) 78U, — 2 T vk A Jy T
el I O T R A3 2R AX PN AT: 45 2 ) Y A8 LR
LM% KE AR AT LA AR T J7 T -1 SO0 il B 8 {4
PERE » 0 A7 TR B DR A% 4 [0 R8T, BV D7 T ) i ST
75 WY 1R 25 23 HAE S BOT e iy J7 T %53 28 4T 55 vk
AE T R PR A — G DL T o i 7K SR B T 5 T -
55 JEONT 1) il SBCRE 0 A X A2 B

@
A il | [
Sk [ g || 2pen

P10 T 7K SR A BY 14 I T - 175 0 i 2

DR RE X 3K — Bk A 24 A5 P R i 3
S 1) 272 > 757 3R [a) I S A5 5 T o) ol BRI D A 0
RPAALSS . A1 XA R 94T 55 45 5 07 20 LA 19 J5
T -1 X O A T LAy =28 B TR — 1
J7 BT IR 2 2 B 05 15 AN T SO AR U 7
3.3.1 ETFTHARENINE

LA 1Y 77 338 SR FH e 9 A 1 04 T 2O ik ke J7
T ) il IR TR) L 5 DL R T 5 S BIO AR TE. R
7 T BT JE M AR A8 R 22 03 D U2 L 73 5 DR AR AN




1456 it "

Hl

1R 2023 4

o
=B
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Background

This paper investigates the research progress of aspect-
based sentiment analysis (ABSA) in the field of natural language
processing. Traditionally , ABSA includes three basic sub-tasks.
including aspect term extraction, aspect-level sentiment clas-
sification, and end-to-end aspect-based sentiment analysis.
Recently, more extended sub-tasks have been introduced into
ABSA. such as aspect opinion pair extraction, aspect-opinion-
sentiment triplet extraction, and aspect sentiment quad
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studied, the newly extended sub-tasks are less discussed and
still face great challenges. More importantly, existing methods
for ABSA tasks are mostly supervised methods, which require
sufficient labeled data to train a good classifier. However, in
real-world applications. it is hard and expensive to obtain a
large number of labeled samples. 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 scenario.
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