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Abstract ; Cross-domain aspect-based sentiment analysis faces challenges due to the scarcity of labeled data in the target domain and
domain adaptation issues arising from differences in text characteristics across domains. To address these challenges,this paper propo-
ses a BART-based cross-domain data augmentation framework ,leveraging large language model combined with semantic information
from the source domain to generate high-quality labeled data for the target domain , thereby alleviating the data shortage problem. First,
a BERT-BiLSTM-CREF architecture combined with a Transformer encoder is used to assign pseudo-labels to unlabeled data in the tar-
get domain. Second , domain-specific features are extracted from both labeled and pseudo-labeled data and masked to construct domain-
independent data. Subsequently,the pretrained BART model is employed to generate coherent and accurate target domain data, with an
entropy minimization filter introduced to enhance the quality and consistency of the generated data. Experimental results on three public
datasets demonstrate that the proposed framework significantly outperforms various baseline methods and other data augmentation techniques.
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B335 i ( Unsupervised Domain Adaptation, UDA) 75 3:5#! |
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FREE

HULRIR, BEE L ChatGPT Jg ARy K18 5 # AL ( Large
Language Model, LLM) 2%, 1§ 8% 40 7 S0 R T #7 9 &
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BEXT EIR [, A4 SCHE B —Fh e F BART A ) 15 45 4ok
B4R 1 3 #E 28 ( BART-based Cross-Domain Data Augmenta-
tion, BART-CDDA) , #| i K15 5 B 25 6 U5 S 0E A5 A,
o B ARG A 1R o AR RS , AR A S S ok T . RE SR
G3h 4 N B B S, DA REAS AR i Y BoF A BERT-BiLSTM-
CRF #1255 Transformer Fif44% , 4 B AR GUBR R TE £ i 4>
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Gt s , LA S AR 42 SCAS P 915 SCRME , AT 2 48 1 H AR
SUBRB AR AR AT . [RIAT , SRR S/ b i ik 25 3k
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AIFN I A AT S BOHE Rz A e R 2) B
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AP F TR, BRI S F AR 2376 B R —
ot , TS oA B A SR IZ b BB ) 5 3 ) S AN AR R 4R BL
Ji¥k :Fang % A\ (Giorgi % A\ DL K Li % AP B o
X GRS AR (1 R AR 2, A B AR B A R[] 4938k [R] ) 15
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T HGENRCR 53 ) BT RO R 0 7 s IR A S AR i —
T B UG 7 v, S AR R AR S AR TR ok
fipe o 4 38R 3 o7 JRD AL A0, Yu 45 AP B T HETEE T A
(Masked Language Model ,MLM) , 3 3 2 >J YR 4 bp v 0 B8
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R BRI LR R, FR A R BN ZRE A,
PSSR B By 2581k 5 5 3 2807 IR NI B BN 4 = B2 AR
JIRARE £V SURIARIEE R A AIRL B REAR. Bl , Wang 28 A1 R

——
—
-

A= BT AR A5 45 52 B 07 T AR A7 SRR 88 20 BEUHT B ) 1, LAY
IR S REE  Li S AT IR T — RS TR AL ) B
FUELE TG AL LB B B N R R . X 3 KTy
HEONARRLELAE AR 1S TR 5 3 SR e, RE S AR TH I 4k
B B AR PERUTTRL | AT 50 200 B2 1 0 BT U PR RE.

g5 LR RO B ) IS IO AR 3 588 05 VA TE— R
TR R G T bk RO S R Y ] L, {E A A0 PR AR L 1) )5 T
FBES AL S W FEE LSRR ARG W ET
BART {5 G 404 3 S AE 4€ (BART-CDDA) , 455 J0 B
SR R FIAE BT A0 S, A SRR T T 05 T A A B
FHBUL 55 O HEBR PRI R 1.

2 AXTIE

2.1 AXEBRIEH

B 1 BRSO A BHE 42 ( BART-CDDA ) [ 3 {4
TR FAESLE T 4 BB SO % AR SR T
H IR B 4, 7E DR RE AR AR I B B2, R A BERT-BiLSTM-CRF
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BATINGR, 30 B ARSI RAR: S S BL RS, 51554840
AH ., Transformer 452515 | A BB B 47 3 $ 304 Hh ) B
R SURAE A FE BRI, AT SB35 3R E Ar S iR
AR MIHERR P , O J5 224 AT 55 SR A1 e B R D TR A

——
~—
-~

[B-asp] [1-asP]  [B-OP]
i i T

C CRF

Bi-LSTM

'
fish soup
Labeled hfgl}'j’f,log(}gd lisgufi%-
source scrcen t?lrge?‘t
data battery fe data
tasteless
ﬂ clear ﬂ

[LAPTOP]The Windows system is dead

SegmentMask D

The [MASK][MASK] is [MASK]
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BT IR B BUB I 5 LA R e/ MU I8 on 22 IREUE AT 2
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BART-CDDA model diagram

SRR AR Sl [ R
2.2 [HEEX

B I R A S A A B A BT 5, K AT
5558 SN PSR RIRR. 4 —MOE& n MR F S =
{w, ’Wz""’Wn} , H: token JPFIRR N X = {xl s Xy, !xn}' 1
F BARRWMAR TS Y =ty 0, 0. b, Ff oy, e {B-
ASP,I-ASP,B-OP,1-OP, O} . JR4T I 0, & J& % 4% i B8 D
={(x, y) Vs, T H AR 403 R & KRR EHE D, =
PO ) B AT S T B AR TIIRSE Dy = { (x) 112,
HIBIRARIE.
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2.3 {ARERERE
TEDRREAARIE BT B, H A7 A2 Ry H AR SR Hh B> R A 1 5
A AR . AT, 2 IR SN B ARG SR A AL B
H2R R,y B AR iR S S AR B — T Bk
I, T BT SRR R SCEHE IR IE R A, LU
TERERR RIS, BRT S, 4 IRSUSAR E5UHE D Ml
BT SR Dy, B 5ETE Dy Bl SRk 284%. A B
4 BERT #BLR U] T I RIR R Hypr e R Hh dRFE
b N L
Hypnr = BERT( X) ( 1 )
$ 1k, {1 ] Transformer 45 & i — H ML L2 REE,
IR BERT 453 1A]F3RAE. -1 Transformer 575 4% 2
WEHEBNHFRRMNEFZ, G TS mB0FE
fE H,,, R
H,,,.. = TransformerEncoder( Hyppr) (2)
R T HER IR B ST R A 1y T 3R] AR RS, B Trans-
former ZRFG 25 I L H o, 30 A 2000 R BIFCAZ R 45 ( Bidi-
rectional Long Short-Term Memory ,Bi-LSTM) , DAfii £ 6 7
A B B 1 #6156 28 Bi-LSTM %7 AT 1 647 S AL B, 75
Fii Hysme R nxa , oA 28 R 1a) FS 1a) LSTM it 19
LRt
Hypom =BiLSTM(HTmns) (3)
5 ERE R BIFS) Hyyor 1A CRE 2, LUTII B 4
BIBRAEFF S P(Y | Hpyypy ) - DAL B ARIE R /AME A TR TR 5K
Bl 6 TE R AR 25 17 371 PR SRR BN 3.
Lcrf = - é:ll(’gp()’i | hBiLSTMi) (4)
RIRAIHIRAE Dy RINGRIEUS A Dy R EERR A
BUHAREE , M7 DIFRE BAR 4R D = 1 (7,00 HIZ, DR I 2
TRAFFEER ML R B, 58 S BRI S R 2.
2.4 HETTFFEEDG
R SRR IE D B B B IR B RS A U Y e
TGP , LU 5 S TE R TR A 7. S XA R 4
SUARATRNER, R LS A B IR R T,
AR T — S S PR B A TR 0 SCAS BT Dk e e I
fE. BURT 5 , & Fof A 140 B BUOR R B i S ) )3 91, 38R
n-gram Bt w TEEHEER D, HHAHXT IR
count(w,D,) + A

Y count(w,D,.) +A ()
meM,m#=m

e, count(w,D,, ) 7w n-gram Bt w TEREEE D, Pl 5
K, meM,M=1{S,PT} A HVESH BE, BE B s,
PEFERF G 251 I n-gram B RS E SUBAFIESR M.
s(w,D,) =8 (6)

IR AR R VL R MR SR M iR RS 1 B,
AU H 1A K e R B N AR IR AR AL [ mask ). 5 5 RRi e
U7 T R A P A — TR R, R R R AR
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2.5 BHiEGEHEEN

HAR U EE E Bk BAR B R IEE S =
WA G G TCRI TR H, AT H2 R A5 22 8 A P B
HRE_FR BB, WA EE(X,Y) € Ds U Dpp L B R I HES

s(w,D,) =

(XY, Hrf X = {x ,x,, %, | AHEREHITRE T, 58
IR Y= {y,5,, 5,0 - % Li AR 9w, R AN
#E BART HE 22 2 # 7 4R SUA X HARZE P9 X T84
B FERANI R ¢ 43 BT token P4 SARiE 741 (1 6 %
USRI R,

n+1

Lx = _t;IOgP(xrlx«:y«’H) (7)
n+l

Ly = _;glllogp(yxly«!x«’H) (8)

HF HeR™ d' FRBIRGEE. &M S GBE X
HRAFZ AL
L=L +L, (9)
N T AR L] — AR A R T R W
ALB(X,Y) e Dy HERAARFEEYLF FEE 3 WisHIR®, 3K
18 3 AR (X, Y) . &5 S0 R a5 (L0 )7 FiA 5
TR, LA 60% FIBESHEAT REALIERD. B, B I bs A
FAHER 3 AN RFEAF
2.6 ERHEITE
TR ERSRG  RBLERATE Xo. AR ERAT
o, 8 i A /M B AT A v
H(x,) = -E,[logP(x,)] = - P(x,)logP(x,)  (10)
P(x;) = Softmax( hW + b) (11)
h=F(x,) (12)
Hf,x e Xo BRENMERAT A BRRKZ, WeR %
AR E,b B SRME, F Ra5EKEE. BH S AH
B () A A P U, A B B AR R R D,
= { (xf,9%) } I, FIF V1% BERTE-CRF 8271 348 B A7 405
AR IRl A R

3 XWHERSHH

3.1 #iEE

HTAG IR MAEZR A G AL 78 3 MREFEARISR Y
FAGBAWT E R FF TR . BT (R) VEICABE
(L)FiE#& (D), 1E W2 1. 48T (R) ME LA H iz (L) UE
L aFR g 2014 45151 2015 4 SemEval ABSA #k /% 22

x1 HHEE
Table 1 Data set
Dataset Domain  Sentence Train Test
R Restaurant 5841 4381 1460
L Laptop 3845 2884 961
D Device 3836 2877 959

HIITIS. R& (D) BB B EH R F RN T 5 HEUE™= 5
B S AR — B, SCRR L 311 BY I 4 N 4R
BRI BHREE R4 R 258 A4 , SR A 3 Fh R R REDLFD
T4 BT 3 YCSEH AR AR R AHR A .
3.2 LRFEERE

TR BRI B, SR FIAE Yelp FINE Shighra, 7 i B3
£ L i#AT A BERT,, 8. Transformer 4535t & 6
AR 8 MEE S, TR R AR IR N B, 1R B n-
gram F B w KEHR ne [1,4], 385K (6) MR H
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{H & B 10. 72 B AR SR E A B BL, TN 25 7 5 B 8 5 4
#I BART 7E44B 4 DU D, EHEATT 3 WA0H , t =R/ K
8. X T %, (8 H] Adam R 4L#E % BERT,,, 1 CRF HEAT
Ak, 2= BRI A 3e-5 1 0.02. )5, #5115 Micro-Fl
1RO AR ST V7R B 4T T T R I T 5 P AR
3.3 k&Rt

R T BRI YA B U R R T S R A
B, AR A UEGE R ik R T A T 1A R SR A
BRA T 55 (9 L. AR 2T Ll i ik B 4 o5

Hier-Joint'®- ; 2 F4E 3 ## £ B £% ( Recurrent Neural Net-
work ,RNN) , 454 A TR Az 5% (4 45 BhAR 2, 148 J T AL
JERSEAAR 22 ) By e [ A AR

ARNN-GRU'™ ; A2 111 #2233 ) 87T ( Gated Re-
current Unit, GRU ) #2328 90 22 R 4%, 35| A A Shdm i #eF
hA BT S5 LAY bR 2 R 1Y R I

TRNN-GRU™- . 7£ ARNN-GRU 3L 5li_[- Jim A £& 4438 5%+
B4, DL BRITARRAE S5 AR R R

BERT; + CRF'* ;44 BERT,, AR M CRF JZH5
BIFRE T .

SA-EXAL-** . #% BERT 424495515 pe BRI B 1 HL I ARG,
B 1 — P U Iy i, SR T AT o P .

CDRG-Merge ™ 3 #5A5 17 75 M 20 AE AR, H 4 490080 A 1
B, R PR 8 IR W ST AT I

GCDDA™ ] Jil BART 2k i, B AR 4URAR LS8 , SCHL
ST A B R R v

BGCA™ . ZF TS WYX A RAE AL, 45 B fi v B 4TI B
F BRI

BRCNN'™- . 1] IR 7 450488 2 7] ) /) 3 A LA B AR A
RS B, TR A TR AUR 5 B ARSI 8] A 2200, SRpk 5 ST
T AT 45

CBIiLSTM-™ ; LIiE {5 B Akl , b & 2 B 5 R #0iE
S B SE B Uy R A T k.

R2ILEBTHE NS ER. AR EWESRE R
LR SURBR S WS T R AR AN, 26 TSR B
AERIARET 45, 53 )7 1 BERT, + CRF # [, ¥ 68
SPARTET 6. 62% F11.25% . AHE T 5 T HARIE R % GCD-
DA, AXEREXFETES LWEETNERT
1.72% F10.89% . X—3 5 FEIA T TASCREZL TR 3
SrRTRAEN FEIIR SUBATE T, 3R AL L T 3045 4R
{5 B Z I ETE SR, R A B sk i B 5 52
PR TER , 4 A M IR AR S 0T 5 DR Y B R dTis A O
MTHR T AT T LS R4 8dE BE F m s
k.

A, SR A BAEES T5 B AAFRZE 1 BGCA (o100t
FriFAE L, AR SR T T R R BUAVE BARR BUE 4
Resr iR T 8.42% F17.79% ; 58 Ak aliE A5 B IEK
PRSI B FR4Is2E 1 K9 BRCNN & CBIiLSTM A L,
A BAE AR BUE 4 L B RE A BIHR T 5.35% A
5.24% . 3R EegE St —I5 ™ B T AR S S A 4 1 5 R R 1Y
i .

K2 BBEISLER LESR

Table 2 Comparison results with each model

RoL R-D LoR L-D DoR DoL AVE
Model AS OP AS OP AS OP AS OP AS OP AS OP AS OP
Hier-Joint 33.66 - 33.20 - 48.10 -  31.25 -  47.97 -  34.74 -  38.15 -
ARNN-GRU 40.43 65.85 35.10 60.17 52.91 72.51 40.42 61.15 48.36 73.75 SI.14 71.18 44.73 67.44
TRNN-GRU 40.15 65.63 37.33 60.32 S53.78 73.40 41.19 60.20 51.17 74.37 S1.66 68.79 45.88 67.12
BERT,, + CRF 52.77 75.94 43.65 66.36 50.08 82.30 45.47 60.29 64.21 81.79 58.75 76.15 52.49 73.82
SA-EXAL 47.59 75.79  40.50 63.33 S54.67 80.05 42.19 60.19 54.54 71.57 47.72 63.98 47.87 €9.15
CDRG-Merge 58.23 76.08 37.96 62.19 72.88 82.34 40.62 50.04 66.79 82.23 54.26 76.42 55.12 73.05
GCDDA 66.56 77.63 44.80 64.86 62.22 82.67 45.11 60.72 68.23 82.44 57.44 76.75 57.30 74.18
BGCA oyt 0 a5 53.06 65.47 43.00 63.18 50.49 74.51 44.66 56.11 56.27 T2.54 56.68 71.85 50.69 67.28
BGCA pert00nt 58.44 72.32  40.21 65.27 66.68 81.30 46.53 58.89 65.11 79.02 57.36 73.32 55.72 71.70
BRCNN 52.20 43.77 65.26 45.28 61.05 54.98 53.76
CBIiLSTM 52.82 - 43.65 - 65.10 -  45.26 -  60.97 - 5539 -  53.87 -
Ours(BART-CDDA) 66.92 78.38 45.19 67.60 67.67 84.52 47.13 61.21 69.25 81.75 58.52 76.96 59.11 75.07

{E : Bk BGCA HTIIS1 Ry Seda2h LB oK A 5L,

DA Seaiont FL g BT IR T AR SO e S T
15 I HTAE 5 I ARG S0
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5, Bk D FEAS 47 HE B B 19 Transformer 4% 4% )5 ,6
IS TIRE AR W T PERE TR T 0. 83 NME M. X EH
Transformer 2543 B9 78 AUHE HR 15 M5 B 5 @ K I B K
HURRAE , 4T B AR SUSAAR T B A R M B K
W, 22 B E AR AE HE S A B A AT S E A 9 B A, S8 FL

SHECTRET 2.75 AN AT AL XBAE T AR R E Hin S
SR R e )T Y AR G B 2 DR, ik — AT & B, ] Bi-
LSTM R E e Tl 1| Zr A AU ZY BART J5 , AT PR BB 1 2L B
BT R IRy BART R AA 3 5 #91E & FRURIE KK
4 BBE ST TR AT 4R B Bi-LSTM BB RIE SUE RS
B g, At , B A R L U P R B FL 0 8T
BT 164 NED AN, X—FR O T HERM LR E R
P, HL A R A A SR IR AR AL AR T T A
HOMER I 5 — 0, TSR T BB RZ AL BE . R, 7E
PRBUREHR 2 B LR BRI SR = B = L 34 FL oh 4
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0.7 A E SR, X R B IR U R A 35 B AR B4 3 U TG
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#3 THEHT
Table 3  Ablation study
Methods El
AS OoP
Ours( BART-CDDA) 59.11 75.07
w/ 0 Transformer 58.28 74.39
w/0 DSFM & TDR 56.36 73.86
BART = > Bi-LSTM 58.25 74.53
w/0 data filter 57.47 74.17
w/0 source data 58.41 74.56

25 LRTIR AR SCHR S RO HE RSB 1 T8 4 45 6 IR S A H A
SRAFAE , R 2 W B AL i S T YRR R , B AR T T B4R
Jr ERAE R 5 R RE.

3.5 ERBIERETMS

BNFTEL— R L B WA RBIENRR, 55
— P SR ARG 98 77 ¥ ( GCDDA) (i} a5 RIC B F3% 4,
BET 6 HBEFEREERN-T-HRA.

#4 P

Table 4 Evaluation results

Model BLEU Perplexity MMD
Source 100.00 26.54 0.2821
GCDDA 90.32 28.61 0.1754
Ours 89.55 28.05 0.1487

BLEU {f. BLEU A I T4 & 4 i) F 5 IR 40 i A8
PR 4 P2 FIFTR, SHM T ERA L, A HERY
BLEU {i % & F 1%, R A4 ) F R RE 2784k, gE ik
R PR B

RS (Perplexity ) . it — A4 4 IR 1918 X — 3
M, A0S ATRIZRE S A GPT-2 18 AR U F i R B

BAR. BSR4 S 3 FUBTR A SO vk A B0 1 PRI 7
BEMTHMbE, A EAE X —8E AR, I
A0, 2 3T ASSCHERR 5 GCDDA 7E 6 4 35 4T B0 1 19
HRREBUE. SEREEIRE W A SO A BB TE MR 45
br b B EL T GCDDA, JE 3 538 1 Sitigi s R 1

comparison of perplexity between GCDDA

and ours(BART-CDDA)
295 o 9 O0GCDDA
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Fig.2 Perplexity comparison
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The size of generated data
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Fig.3 Parameter study
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3.7 EHIGH
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Table 5 Case study

windows 8 ,screen size, inside-out system, deco, macbook pro,
R—L 15 inch, technical service, pcs type cables, wireless devices, o-

ver weight, digital graphics,hard drive

unit’s interface and hidden menus, apex product, dvd, mp3
R—D player,memory card,radio software,cameras, creative product,
moveable led
japanese sauce, dining menu, customer service, sandwiches,
cleaner environment ,restaurant quality

Fl-opinion/%

L—-R

BT R, 1 F AR SR A9 AR R, 14 25 T THT i)
O R ] HE AR MET St B A SR A i SRR Bilan , 7E 48
RIS, A2 )8 A “ restaurant quality” 45 1 VL HER) 3K T
P BB R . SR, B AR R Pl B T AR R
AFEE BURBOL. 3% 32202 B 48 SCHE ) B0 18 SR AE 2N
FT A FRARAL, T A 17 B 0 BT R B R TR R AR i
A R R BE R T SCEUR B IEB R AR IR, L
A R 5 T B A R ] 5 KRR B AT Db T REX X — R,
AICHIAT Wiy 8 i A AR R A (AR A R T, X
A REAEHEA T S AL, AT R RS BUB I &, 4R
A R B HERA P 5 — BOME , i — R T AR R i B A

4 # it

ARSCH T —Fi £ T BART 1 85 90420 X0 s 38 o AiE 48
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