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et B KRE G RGH AR A A R AT AR AR A D 4, A5t B AR ARG AT TR . SemEval #& 4 & 69 restaurant 4= laptop
HBEEAB—ANTORMEIRSTFRMEE LRTER EAREAN, 5EAABMBE RSN H kML RSk FMLALEE S
RIT 5.33% . AR T iE ke R,
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FESES TP391

Cross-domain Aspect-based Sentiment Analysis Based on Pre-training Model with Data
Augmentation

CHEN Ge and WANG Zhongqging
School of Computer Science and Technology,Soochow University, Soochow, Suzhou 215006, China
Abstract Aspect-based Sentiment AnalysisCABSA) is a fine-grained sentiment analysis task.which aimes at identifying specific
aspects in text and exploring their sentiment orientation. To solve the problem of poor performance of ABSA model due to its in-
ability to adapt to different domain language styles and lack of labeled data in target domain,this paper proposes a cross-domain
aspect-based sentiment analysis method combined with pre-trained model. The pretraining model is used to generate labels for the
target domain text,and the large language model is used to regenerate natural sentences with more target domain style. Finally,
the generated samples and source domain samples are combined for training to predict the target domain. This experimental re-
sults on the restaurant and laptop datasets from the SemEval corpus,as well as a publicly available Web service review dataset
show that,compared to existing cross-domain sentiment analysis methods, the proposed method achieves at least a 5. 33% im-
provement in F, score,fully demonstrating its effectiveness.
Keywords Cross-domain ABSA.Pre-training model,T5,GPT
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SUNTRII T o R BT R — T B AY AR TR S AR AT 55
8 T2 BT 9 L R R T LA S MR B8 19 SR o0 i R A0 A 1
TP AR TORELRE B2 AR JE% 20 BT . 2008 B 19 SR O3 BT RE 5 i fit
SEORS 20 ¥ 04 20 A 45 8 B LU 29 T B AR A B R
HRL . BT AR Z NS BN T R MG iy
BrBORT ST, IFBAS T V5 Z BT FE MR . (H LU (9 J5 4 75 T Xk &
ZeiB S B 2 A JE P AR I AT R 2 i B SO SRR B R kA
V72 5L, 7 5 5 Bl 9 SRR A3 T I A Bk 2 4T 7 R T

FH5 H I .2024-09-18 iR 1& H I .2024-12-03
WAEVEHE : TPl (wangzq@ suda. edu. cn)

X il 7 2B By PR AN B B B 52 22 T 52 o R 1A 0N ) 9B
P HUC T [ U XU N R D A A 22 e L T
HEAT B U 3 7 AT 55 I M| LU $2 A0 5C 19 15 5 R AE
I, TR SE T 0 IR A AT v B AT SR BT — B IR R
HART A —Se AT 5 2R 5 A GG I T 36 O R TR 1% ) A, 4
TG TE SR AL R B 45 07 05 (AR AR Al 2K F A O Y
AR o de S o 7 20 B2 B AT o o A A o B SO 19 )
P A IR UL A A5 T AT AR B AR I L AR T T 4R Y
SCARFEAT N AR T i BEHE B It 19 I 8] R AS

T G S v B o 0y 2R 1R 22 5 WA LA R B U ABSA 1Y
IR S N Z AR T RO ), AR SO T —Fh 45 S T 4
FEED 1 5 B ABSA HEZE , LUT 3 2% 510 1y J5 X 47 )8 1R
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T BN B 53 2 AT 55, I — o 85 400 30 AR A i 9 4 R
B L oy B I B v O A Y LA bR SRR XU R AE 1 B
TR . BT E L AR SO S R R S5 B0 s S X TS AR R
HEAT NG5 (I 2505 B A A8 B A 4SR50 b il U 44 30
55 15 AT SR P 25 A A S AR 28 . FIIA OpenAT GPT £
AU A AT B bR AT XU () SCAS 5 A s 25 T XA S 8 e AL
PRt . WOORJS M BOHE £ R (L E A& T IR 4T B0R B AR 4T Ik
#1
Table 1

FRAE 356 1 80 B9 2 A 1, T EL a3 AR R BB E SOAR
R A A T B bR R AR A B IR T KU ARAL L — 2P
P TR TE AR U P B B8 N BE T . 1 SemEval 045
B LA K Hu S50 B 00 B0 4 1 0 S 8 45 8L R TE T AR 3
BERY A ROE o 3% 1 R — AT 55 7 1], v A ) A A T
44 Restaurant G A i 5 KA, A7 F] 34 B2 5] MG HY
GUHURAR

1255 75 4]

Task example

LR SN
(Laptop)

EN 2N

(Restaurant)

I X 5 B A

(Restaurant)

Oh yeah,don’t forget the expensive shipping to and from HP.
(shipping.negative)

Oh no, the thalia at that restaurant is always overpriced. The bread is top notch as well.

(thalia.negative) (bread, positive)

AR SCHY EZETTHR T

1) J A ) i M 5 R 2R AT 55 B 5 B — A R A B R
B AL v S T A G AR g B S 1 v 22 B B b B B R 22
A% 4[] L

2) i FH A= RS RUAR S A5 B b I XU (1) 9 i A ol 4
AR R T R RE UK A T AR AT AR R B TS R A (] UK
4 B % i <00 22 S R RE B KA A ke ) R

2 MXIIME

2.1 HHEBBRON

LI 2 R R M L AR i B T R AT L X Ty
A S RE S B 5 e A AR R 1R 25 . Wang S0 SR A
FE T R AL 0 AT Sk A S ik BB A TR DB R 51
IR R AR U A Z B YOG R . AR T ML
AT AE S 5] A MRS B0 R AT, Hu 250 38t T R M
# (Constrained Attention Network, CAN) , il i %f £ 4> J& 1
) AT IE AS RS AL , I 6 A~ Bk 1R AT R B AR A
SR T FERIOLE A B . Li S T — R R XL
LSTM iR, 55 — 2 il gk Jm tE i A S5 B . B 2 A5
M bR%E . Peng 5557 48 1 — A~ XUy BEAE 28 3E 47 41087 B 155 J2&
G3 0T TE 5 — W B 7 FH 38 A 28 T 4 IR A S, 7R A B B R
FHES — B B 35 B 17 12445 B ok HEAT 1 BT R AR,

Wi & TR JBE 2 > BOR B9 N W 1 20 RO AL 1Y Rk e, BIF 5T T
U 2 o 2 5 A RS BN T ABSA T 4. Xu &M T
— A 0 A Y Bk A5 A R Sk il BRI JRR 0T 3R Ll A R
HBRIC A 3R 8 I WA R RIS R, Wu T
— NG — 1 AR AL A5 T HE 22 (Grid Tagging Scheme, GTS) , LA
v 3] i B9 77 2k BEAT 15 IR T R Al UM 5% i HE SRR 1 IR £ 0T
Al BT 5508 Ak — A5 — W bR AT 55, OF A R e R
M A A R . Zhang ZEUVHR Y — B G5 — 14 A B R iR b
2B ABSA [n) 8, i 50 A v 2 A0 i P R 2 A, o
TR AT 55 450 AR AT 55 (50 A58 ) 3 1 SR AR B ik — B4R T
Zhang Ui — A58 — 09 A RHE SR T 4 A 3% F )@ M 09 1
BOCE, AL R MR WA IR M 28 B R 45 Bk M. Bai
SO A B DY UG R B BT 45 1 i — 42 5 A B R ik il o
% BN IR B AR 22 T 19 AH G M >k 48 5 1% /2% I oT 3R B A ok B
Pk, Chen M (5 FH 18] 4l 28 90 465 E A7 15 O MR AT 55 b & T

TR BB B i SR 2 ) R TR R I AE I 2 Lol i
EBRAHISCH 1T SCRUR G R, A 3R 2 R 4544
2.2 BOEERSW

fRGE 1 ABSA LAY 5E 23 1647 8 U 47 I 25 F0 It
224 1 o JH Aty ST 38R s, 2 R A S [) AR 1 5 AR A R i
502 WA R PR AR T B . O T R peaX AN R BN
GUTF IR AR 58 U8 o F A . B A A RS N B R B4 R
25 B T RRAIE 1Y 38 I R 3 - B0 3

SE A B4 30 7 3 a2 ST 438 TG G R AE il A R B g
Ab B G B, Jakob S50 ZFERAEAE  CRF-based £
R A AR R M AR AT G FR A U TE G 1 1 1 R AT 58 ot
of 4538k T8 36 R AE 114 2 7 3% 5 AR AU (14 45 38035 B 58 /7 . Cherny-
shevich 2513 [a] B4l I T 22 Fh 45 38 G ¢ 45 AE 4 CRF-based #5
BUHAT I AR T LIAE SR SY, oA 7 08 2 4R AL, AL 45 A 44
TR OB AR % F & T AU K F51E . Ding %50 2
SIAGUR T 56 FRAE By Al L BRI T — 25w SO A 915 1k
D00 A B e AF B2 B, I LR ASE A 2 3T 5 TR [ 4503 11 e 2
N O 4 v TR A R

BT 30U 0% 385 N 7 1 T G X SR 1 Ak T A o A
AR G T v R R AT R B N AR U R A
B HEAT HTRUE B ok B R X AR AT RS M. Yu SED 4R
HH T ol R 0 R R A LA AR B E R E AR
SRR B U A I 0 X 38 A R IR 4T SR Y 4 E B M
TR AU, SC AR 8 48 S Sy SCAS, P R AR SR I 0 1
VB TR R 37 SO e il H AR SR SR, Su AET5E 2 B
B 35 43 25 35 R AT S RS (4 REAR {8 T S SRR AR T AR 2 b ok
SKAEH] . Deng ST T — B Az W AE 2L, A 9 F)
¥ 51 (Sequence to Sequence,S2S) f{ I A= i, B A5 45038 1 Th A
20 55 D AR 2858 R Y SCAS SR L T T AT AR 9 1 R B0 O B2 A
T

SR AR DA N 32 0 o] 4% 3ty 3] 0y 452 280 15 35 0408 174 325 400
BIE N IR ARG A DA DA B R 25 B U 2 B ), A
SCA T 25 R AT R A B R A R A B A 4T
TR AT I oo JORC Sk 1SR AR 3E — 2B I e o 3 i S AR L 3 e 4 3R H
ok 40 388 JRU A 5 A A 5% o B AR (44 450 30 55 7 6 77, P Ak T 5 43
20 L BE 15 A3 BT 1 M
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3 HAMIISGERENETIHESERERSN

A SCHRE M T 0 G TN A TR ) 5 AR M R IR
BT 7 6 0 R AT J M 1) R AR PR TR A B AT 5. LR
G —BUh o N B AN A T 2 = {wi st w, | B
RERASMESHENRZEMEB AT = MBI« =
{awy sy, b 37 I B HAF AL ME p, HorPr p € {postive, nega-
tive,neutral}, ] @1, M &) F “It” s a great place to people

SUAR BARAR T 11 9 A

A\

TN ys

IR AT HAEDs

T5

watch, 7 H 4l U 3R] place” , I ) W HAS SR A% A positive
BB o ASCH B BARHER A 1 FiR, R Ed 3 #4
K. TEEE—FBorp, R TS5 RS kA7 S0 AR B bR 45 05 1) (9
R A AR S . FESS 34 P L A OpenAl GPT #¢
RUHEAT A 2 B SCAS i 0 2B B 8 3 b — 25 AR B B AR 2 L
B B AR AF B A A A B bR SR XA 1B AR . IR
A I B 25 R SCAS 2 A AR A 3 i B 4 L T 7R B TR A A
R AT B LN R FNTTAG

okl |

B A4 R AT S »
B AR A AT i )

D,

B bR By

R SCAT 18] 8 4

TR S A

OpenAl
GPT

~~~~~~~~~~~~~~~~ o e

SR 1)
—

¥ A R AR UK

BA Aot i

H A BRI AL

jE{;E:DG

T5
AR SR o
Ds (KA s

B 1 SAHES R B
Fig. 1 Overall framework diagram
H AR T 00— B0t . 3R 4% e aod A2 00 7 2F B Y 6 4% T 47 b
I A8 SRR P B 3 SCAE R, DA 4 v 17 8 0 % SCAS 17y L A R
FRikHETT .

3.1 EE
3.1.1 T5#EAR

T5 A5 I 0T SR — i B 1 o B 2 B 2R R AN 0 A ARIE F
AbFRAERL . HAZ O AE T R4 B NLP AR 55 4 5% i o9 SCA B 5C
A B AT 55 LU 50 3 5 84 05 sU e — g ke ) L. TS5 9 44
Tt RO A AL 28 40 1 22 4~ Transformer HE & 1M A%, 3 40 25 #4) A0
WARUNIE 2 From o 2B T 2 — B Be O bR 25 Y A B LA B 5
=B B R AN SR AITAY

1
also
I also liked liked % f# glass aspect: glass
the glass — the G » ] screen screen
screen. glass £ S : polarity: 1
sereen positive
9N W Wi

B2 bR tE RAESL
Fig. 2 Framework of tag generation

3.1.2 FIlRT

T5 BETLRE JIT A 14 1 5540 5% e o SCAS B SCA Y 5% 44 55
BT A 7 0 4 A I ER AR SR SCAR )Y B . R T R o ) i g 2
2 AR SO BARAR BT T R ) e IR T AR 2 o R IR
RPEAR S po WS G A R HOK AR 23T (a s p) 2o AL R
EMHARTS WK 3 s, i TREFRC &R ARES
SCATB S, BB 5% 5 bR R R AR L IRUAS A XL 35 R R
WE

P e Caspect) =aspect (1)

X 1 Sl P 4% 5% RN T

positive,s if polarity=1

P potarivy Cpolarity) = ) neutral, if polarity=0 (2)
if polarity=—1
kL WA LA

negative,

R R bR A R e ARG E

aspect: restaurant

polarity: positive

7

restaurant, positive

K3 BRB X H AR T 51
Fig. 3 Tag pairs convert target sequence

3.1.3 S2S#9% 3

S2S & —Fh T 1750 BT 51 2 2] 1 4 1 25 -k 1 2% SR 44
T5 A A g S2S B Transformer 2 A% 75 - it 2% ¥4 1Y . ff 15 2%
) H FR S0 T 45 1 % i A R 4 i HARIT A v 19 518
MEZ A3 A po(yle) RSNt 0 S5k,

EMAIT I X={ai 20,2, ) 5 i ABFE 2,
RS 2% 4y, R T AR e 5 0 2P 22 A A
yo RN, AT .

6= fune ({1520 5%y, }) (3)

Vi = faee Cesy<i) 4)
H fane CoORIRIAGERTTE  foee ()RR IRAL 2152

258 H softmax pRELTS 3 F — > Token [ 18 3R 43
i R

po(yis1 lesy—iv1) =softmax(W'y,) (5
Hr Wy, W2 — A, T B A ENC R LA
3.2 BOUSHEEESGE

AR W T A A 8 5L T VRPN S A AR R 11 it R A 4
BERR Tk I OT IR AL EE WA 4 B SO AR B AR 4 07 1] B AR R
AR 2 30 SCA T 1) B AR B . 3 A 3R A B B R A R i
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FEAS, 2 U8 th L BUREAS 5 7 78 B NS4 L, (A58 20 B8 0 47 3tb g
X F AR U XA B SCAS L 42 w8 U AE B BRSPS B, A8 3
AR ZAR A0 A2 LY B . B S x PR A0S A i B A R AT A N
B J5 152 T T 25 Je ) A 8 05 o 400 B ) R s 40 8 Uk 47 T30
A X — 2 R e 2 ol T bR IO 7 A — S B MR L (B 2R
21l R SR W 2 AR VPR R RE I L RS K 2 S A R R SR
i) LA Il B T o L 15 R PR A D DR AR 4 . TEAR 2
2 SCA B A I B R T b — 2 2 B4 A A A U AR SO A
SR AR BN A R A AR A 15 B A K H AR TS B R0
A SCARTE MG A AR A LIl TN RS RS AR SO i
U8 T7 1 2 BRAR B B A BB AR, IR DB R IR AR YT SR B IR
GUBBAE S AT R LN SR AEAL . 4 SRR A 58 05 vk Y
AP

S | bl

Laptop: You may need to special
order a [bag]ye,.

Restaurant: But the [stafl],e,
was so horrible to us.

There is a diverse
[selection],,, of dishes
available at the restaurant.

Pl 4 KO 5 R R )
Fig. 4 Example of data enhancement method

3.201 XAFMHREFH

SCABIARZE T ) B AT 55 B 76 XS A4 - AT I8 M 1R R
SR PR IR S T R, Bk L T S O R SR B R 4R Ds
X TS A HEAT I 25 , 5 R A i B T X B b 400 48k SC AR 3E AT 10
W13 B8 yr= Cars pr) s Fot ar g H AR SUEE 137, pr
Sy HAR SIS B I . 5 K B BR SUERR 2y R AT 3K
AR D HEATRRAE S FINEREE yr = Car. ps) Hoth ps KR
U A ]

51 40 L 95 40 38 A laptop 454K . H A% 48k A restaurant 45
B ESEXE TS B GRS R BEAT SO L 7 laptop $UHE 4R L AT
YR, SR G X restaurant 5080 A9 A b5 1 B8 B2 E A7 Bl . R
1Rl , 7E X7 “they bring a sauce cart up to your table and of-
fer you up to 7 or 8 choices of sauces for your steak. "1, #£H
0 P 1) 2 “sauce cart”, 18 B P A “neutral”, Bl 5 5T
HHNESRER .,

E AR43 S AX7: they bring a sauce cart
up to your table and offer you to 7 or 8
choices of sauces for your steak.

|

JRAT 2 3 4 D

I also liked the [glass screen]pos.

4 ) Al

aspect polarity

s AR SRER

Fig. 5

LI AH TS I 2R AR Y HE AT I 25 A0 0, SR A 28

B Transformer Zi fith div il i 5 2244 . a0 A SCA o, 2t B %

TOM A — A EF SCHR TS e, fiF B R X A g T

V45 Ry i i SCAS TR B oy 1 SR A2 03 A1 po (yle) o Hirpr,o
AN S 4L,

Diagram of text to label task

B S PR T 50 2 KR 5 ) 14k 0. 9K 5 491
FREEBUIEAE Do (95 A MR (o v ) 30— 25 1 455k B0
BT WA o Cys | o) BORE R0 8 18 05 A

max log s (ys \e>:§llogp(,<<ys>, les(ys) ) 6)
b, R SCARF ] v IR EE .

SO AT BB T AR A D 9547 0 2505 o 74 0 R 450 R
FARVERCEAE Dy JEAT U L 45 0 AR 50K 1 W R TE 4y —
Carspr). BFJE ST 25 TSR SCA s 4 B A7 8085
SOAR 2 PR A R A A AR . Sl 3
S BT 0 B AT 2 v 10 26 ) T U8 408 1 5
AR D B0 LT P BB X . 5 I 4 B
AR AT PR v o 6 T 3 R AT 2 v ol 1 A
TR PIAREE Y = Cars ps)» HEAF R AT R SC A g 119 J8 1
as BB FAR SRR M o R 6 . R — 25 R
FHOIRRS Ve BB A VST SO AR o o 737 2 SO A

JEAR B U A xg: | also liked the glass screen.
A4 B 7 ar “sauce cart” R4 B (s iElag: “glass screen”
B 4781 R e py: “neutral” H A4 A BAR oy “positive”

. @ @ @

A 5 HIRATE XA X' 1 also liked the sauce cart.

{6 PRGN F AR AT AR B X

Fig. 6 Source domain and target domain data pair

3.2.2 AREB| KRG A

AR SCAS B AR 45 Y A 0 BT DL BB N T E B SR Y
DU, AR LA I 5 5k B v O 0 A 2 > B H B 4508 R {45 A
RPEREAE, DL R B AR ST AR 2 yr 45 G H bR
WOUAS & SEAT YNGR R W] LA DR 3 A TA) R, (R 8 70 7 A
WARAREE yr B, AT R84 77 AR S IR T, 2 8P AR 4 I AN A
PR3 A SO 8 SO 02 B 7 2 5 B RS o BT T
) SCAS  FF BT i U8 7 1 26 B — LB AIR BT A PR A, LSRR 1A
['] R ) 5

T 48 B SCAR B B 9 A 45 B 6 5 B AR AU G {5 B RTAR
PSR UK B N TR W RS E R T B RS0 N
B UE, w5l B bR U8R 1 ar B4 ISR SR 2
o JE A s A B RS 9 SCA 275 S8R 13 OpenAl GPT
PRI AR 9SO o« IBREE o= Car s po) B H AR 4T
A5 L2 T ) AR BRSO

40 L 45 5 bR 25 J0 24 (“sauce cart” , postive) LA S P45 38 SC
7“1 also liked the [glass screen |,..” s H:H HARSUIE N restau-
rant, JE 40l laptop. T 5 X U €0 48 SC AR HE AT A7 R 04 Bl AL
P 1A 2R 4, B YR S P 1R glass screen B Sk B bR AR
1i] sauce cart, 15 2] /A] F“1 also liked the [sauce cart],.” %X )i
HEAT 5 S AR B 3 L 8 A B AR S DR 2 A B ASS
OpenAl GPT BE#Y, fff H A 5 restaurant 450380 AH 3¢ A9 87 SC A
“The sauce cart was another favorite of mine. ”, 4 {1 X
AL BT B AR U R, 1 B 5 P FR 2 (“sauce cart”,
“postive”) Y RIE T 5, 8 7 G THES /R ER .
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B4 5 #h R4 A X' 1 also liked the sauce cart.
B AR4 8 M iF ar:  “sauce cart”

TRAT N R ps: “positive”

El #7471 2. dr: restaurant

I

ik
% Fk SUA X The sauce cart was another favorite of mine.

Bl 7 AR RICAE S R B

Fig. 7 Diagram of label to text task

%S5 33 OpenAT £ 1138 F GPT #5847 SCAS 2 i
AT 55k ] AL B i A AT E b R DG A B M 4 s D) &
JRSCAS Az 5 B AR A 56 1B SCAR . OpenAT GPT [ #f
J&— P LT Transformer 4244 (1 STAS B SCAS BT, (K] 4 i
ATCR LA —A BRES A F1E GPT BRI A, i
Bl 8 i .

Regenerate natural and fluent sentences in the “{d}” domain

while retaining words  “{a}” and keep it {p}: {x'}

K8 OpenAl GPT Ry A SCA MK
Fig. 8 Input text format of OpenAI GPT

RGP RSO b PRBRE A 3 46 R TR
Do B Dy BE0E Vi A1 SCAR #5311 bR ATUSR  F atk 7T 1A
4 E A S e T TSR L 5 A 2 S B 0 3
T,

3.3 EREERBEREE

Fi T4 S0 AR bR 2 AR 4 1 S AR B A 7 1 B 1ok o
AT T R 7 L S T A5 25 L Sl T U/ B R Y 9 T
WL AR SO T UG U L R Do PR B O AL B0 AR
O F W) Do W5 e DL SR .

14725 A e ) AR SR P

2) SCAR L A A 1 T 5

39 SCAR P T A B T 160 44 4 v B R

Bt xF E R R A AT T AR B

D it MR AR v A A TR R B AR 2 ROR
2 A A B B A 5

2) ) FH S AR R 28 B0 U1 46 458 760 $ 4 6 D ME4T B,
314 e U 5% 1 B A

5 U AT OB B D i I 10 OB E D 45
AR N G5 MO S L 5 TS B SRR 1 i AT 90 4
Sl U505 B0 B T B 4 Ds A1 OB S Do 05 A B
(s s s ) HE— 5 U 46 LA SO 2 5 0, 0 3 X % o 4% (A B2k
N

n

mgax lng(/<ys.(; ‘L’) = Ellogpg((ys_(;), ‘()’ (ys.(;)<;,) 7))
Hoon A SCR P81 s, UK BE
4 X

4.1 HIE&E
A S0 fd H SemEval 1F 1 JE A restaurant 2014 — 2016,
laptop2014 L K 2004 4F Hu ZE1 A 19 K A M 45 i) 55 14 3F

3 A4 IR Y B dE 4 . i restaurant(R), laptop
(L) s service(S)IX 3 AN SR /) W0 P 46« 1447 5 4008 199 g 44: 1)
FH I A HUAE 55 . IR SR 05 1 T S AU 1k B HE A R
P, AL $5 B (Positive) . H 37 (Neutral) F1TH # (Negative) , %X
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Table 2 Dataset basic information statistics

it service X

HAE & A3 Train Test Dev
L laptop 3045 800 304
R restaurant 3877 2158 387
S service 1492 747 149

4.2 XWBSHIZE

A ST K t5-base FE B Wl Zr A B, DA Transformer %%
g g BRI T 28 B0 G B 28 AR 2N 2R . A B R R
G BB E Sy 128, i A 4EEBLE N 768, Y%k L, batch size
B 16,2 2 Big R 3X 107", ir 43 S 56 18 I 2k JA B 40k 20,
i Adam D0 Ak &5 SBTAL A 2850 B G B8 R BICR ] L2 IE
e,
4.3 EfEFE

ASH R Fy EAE A ITANfE bR, B B S G TR R
(Precision) fl & [1] & (Recal D i~ #8 #5 » HT B R F .

.. TP
Precision= TP +FP (8)
TP
Re(all_TierFN 9
2% Precision * Recall
Fi= Precision +Recall (10)

oA, TP g IE 28 M A Bl 1000 S 1E 28 A 8 it . FP Ry f 8 kAR
BT Ry T 28 A B FIN S 1IE 28R 2 1l T ok 97 28 A B0t

Fu VR 00 2 A0 1] 3 09 28 5 PP A, v DA 4 THD b 7 £k 68
I PERE , BT BT W0 0T 2 5 3 & hn 4 58 4 AH [R) i, 8000
BOARIERS . 7ESL00 X LS b By (H B, U Y] S5 36 A6 Y
PR B0 R A o 155 JE% 43 B 45 2R R VA
4.4 ZFLEEIE

BT BAEAR SO VR A RO L B R DL LA G S A A
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Hier-Joint™"*) . —F 5 F 76 35 M 28 % 4 (Recurrent Neural
Network, RNN) #9771 , 45 & 1 4 Bl A 4 Sk ik e 57 40 3 00 1
ARSI 55 . %l B AR 25 2 48 78 I 2 2k A% vl A1) HC At 450408 U5
P AR (E B 1 B A A 047 b 2% ) H AR BUT 55 .

RNSCN ;i 38 U5 b 28 0 2% £ 45 4 % 107 199 2%,
T 5 Stk T R LR [ BRI TR R 8 DA I I A o B
JEE v 2 > B 5 T RN G DL 22 (] 1 65 K X 8 0GB L DAAR e T T RN
UL AR BOOR

AD-SAL™ i F— i 38 425 X0 2 3 O vk, DA S 3 4
L ST B 3 N Y J F O SRS

AHFPV, —Ff (1 38 0 R G AE SR, F T 5 08y 1 5 1
BT . RMERRES G T AN Y Ty R e R A O L LR
FET RN B 5 TR EMETIRES D Nk, JF
R Al AN T 450 358 B A T ORI M R 5 0 0 ik
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Table 3 Comparison experimental results

VS L—>R S—>R R—L S—~L L—>S R—>S
Hier-Joint 33.54 31.10 20.72 22.65 13.90 15.56
RNSCN 35.65 33.21 26.63 18.87 16. 59 20.04

AD-SAL 43.04 41.03 34.13 27.04 27.20 28.01
AHF 43.49 46.55 34.89 29.01 33.05 33.23
GAS 49.06 54.61 43.50 35.12 29. 64 30.99
Ours 67.02 66.53 58.19 47.19 59.72 59.86

MR 3 AT AT LT 4518

D 1E 5 HAMl J5 2 B0 e o AR SO R AR AR T RS Y F
S8 FE 4 UL T AR SC 5 vk A 48 AR A 38 T T 0 duR A0 s
7 % A3 AT AE 55, TUE BT A SO AU (39 14 1 T2 5T K 40 48 2 7
A B

DEF BN GBI  Jy k1 Fy o B0 2% T HAb s &
o0 25 AR, 33 2 PR S T R A5 R 5 o R 0 3 5 A AL T
S T AR T O E R SRR IS AR B RS AT
BIZE R3] TR R T

VTERR T A SCT5 1 Z A Y HAt 5 1 v, 5 A SCT) A 1
T5 PN AAEAL ) GAS BERY L A T Al A 2 fo 22 B AL 3
O T 5 B 5 B A R B B A R B iz AR T I SR IE
T S B i g AR T A s ) S U vk R
4.5 JHELLIG

N T BAE AR SCT7 v A A BB PR RE L AR W BEAT T Rl
A

self-training: FLHEME 1 3. 2 95 48 B (1% SCA B 47 & 7 1) A=
B A AR SR IR LS yr = Car s pr) BEAT A ISR, TTA FEAT 4R
26 B SCA 7 1] B9 A A

text-to-label: B4 H 3. 2 7 SUA B FR % 1] (14 A B4R
RUPEAT SE 5, RISl T U 450 s 40 4R 11 4 A BB TR R 4
R HEAT T AR

w/o filter: TEA ST ¥ M BL Al B AL R 3.3 W 2 B w3
B BR .

TR SE g a5 Rk 4 fral .

£4WELRLR
Table 4 Results of ablation study

¥ ik L—>R S—>R R—L S—>L L—>S R—>S
Ours 67.02 66.53 58.19 47.19 59.72 59.86
-self-training 63.13 64.41 53.59 39.71 56.67 51.94
~text-to-label 65.40 63.91 55.50 44.74 53.47 53.89
-w/o filter 66.53 57.63 53.79 42.05 55.69 57.08

4 SR s 25 Rl LUE Y .

D ERBRAE— B, B SIS i Fr 8O kBT
AN TR R BE 00 R B 2840 Ul BT T A B AR A A S v e AR
TR ECR.
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FHELTYAE 5 U AT 55 bR PERE

HEHE 2 5 A S5 5, T DUAS H LR 4548 .
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2)7E BERT BRIy 4 DAE (K, BERT: 19 F, 43805 T
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Table 5 F, scores of different data enhancement methods

7k L—>R S—>R R—>L S—>L L—>S R—S
BERTR-UDA  45.46  47.09  33.68  34.77  27.89  33.12
BERTE-UDA  49.52  53.97  43.95  35.76  27.78  30.67
BERTE-CDRG 49,79  47.92  38.68  33.69  38.14  35.14
BERTE-CDRG  57.96  53.09  45.66  35.06  42.96  40.85

GCDDA 50.50  55.66  47.79  36.53  27.22 32,07
DAZLM(LSTM) 59.47  56.26  42.49  36.54  35.93  40.38
DA?LM(GPT-2) 60.39  58.64  42.91  36.97  36.84  40.44

BGCA 61.69  56.39  45.52  36.40  39.76  43.20

Ours 67.02  66.53 58.19  47.19 59.72  59.86
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4.7 RESWERFIAR
T RAT RO B R B T AR AT T IR 2
Mr RGBS . 500 Ja P 3 il R 2RI TR 5 1
Fy Sy BGIAT T 4007 BARSE R In 3k 6 Frdil,
# 6 R RN TAE S Far
Table 6 F; scores of subtasks attribute word extraction and

sentiment classification

4% L—~R S—R R—L S—~L L—>S R—>S
ATE 76.24 76.06 68.22 62.10 70. 83 66.31
SA 84.13 83.19 79.71 70.90 84.72 85.42

PR 6 AT AL 2, J& 1 4l AR 55 A0 LU 1 IR0 8 AR 55
TER L AT R o G X T A R AR A A WL B AT R B Y
F A J& P 17 S 22 A4~ B4R 1o S 30 I A Eb B SA0R] Y JR 1 3R] T
255 LB A 15, B 9 Y Example-1 iR, A, 458 4
I 2 B TR) A R R T ST Ay JRUTR 49 A e S T Sy
BB R 25 2 Sl B0 B i s 2L R 9 Y Exam-
ple-2 FT7R o 33 261 B0 15 W T A6 200 7 4k B I ) ik B 55 1
A REAFAE—Le B i, 4b 3 22 48] S o AR B A8 4k . T 6
RIS FAT S5 AR S TRV I T A R P A 2 1 L 3 T RE O fh
Bl G AR 2 0 AT AN BB SRR . X B R A ik — 2 o A
BB T Jr 1

Example-1
Sentence: web surfuring is smooth and seamless.
Target: web surfuring. positive

Prediction: surfuring, positive

Example-2
Sentence: i've had my computer for 2 weeks already and it works perfectly.
Target: works, positive

Prediction: work, positive

Bl o I b i B 68 5
Fig. 9 Examples of aspect prediction error
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