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Index Terms—Aspect Category Sentiment Anal-
ysis, Large Language Models, Data Augmentation,
Confidence-weighted Fine-tuning

L 5%

TR (ABSA) [ AT DAY (4R 1)
WRELRE S, 28 T HRES LI (NLP) SUsBis A
RIS Z e, ABSA 1 A7 0 55 MR 1 52 T -
AR TR 5 0 MR . 3 — L I T H T
5 . LRI PR AT SR A 4 T . ABSA {5
BEANTALS, HP AR RGN (ACD), %k
SISEAN % (ACSC) T B BT (ACSA). ACD
W KR B2 SCA PR B T SOy T B, ACSC il it
Sy AR I B ) 7 T2 B i — S A SR 7 ACD,
ACSA MR NFIHAT 5, ©456 7 ACD Al ACSC, Bt
PN R i A . B N R T AT
41— T

ABSA f— kRS B R R g (1), [2),
B, W . AT, A TR CRER B i A S R PR th
FRIBEFHA (LLM) R T 2SO e ), #ok
B TR FE LA R LM SEATRCRR, DD E VTR
B I LRI ABSA 155 . 530 6T ABSA $cidak )
TAE [B], M) AT KRR, (E TG i & ) 7 5 )
ZJAIRE Bk, Hof T, B (2], (1), kR
IR, (e IR TR, R Tk
BRI RIS LB . ek, [ BIA T8 50k, &0
(BB TSR SLI A R AR X T4 e R M A 26

This work was supported by a grant from the Research Grants
Council of the Hong Kong Special Administrative Region, China
(R1015-23), and the Faculty Research Grant (SDS24A8) and the
Direct Grant (DR25E8) of Lingnan University, Hong Kong. (Corre-
sponding author: Haoran Xie.)

Yaping Chai, Haoran Xie, and Joe S. Qin are with the School of Data
Science, Lingnan University, Hong Kong (e-mail: yapingchai@In.hk;
hrxie@In.edu.hk; joeqin@In.edu.hk).

BT EdprsaiR, JAOVSEms ACSA L5 HRERE
M ). BARTE, FRATBOT TR E B3R BR, 515
LLMSs AE 7R 8 SCE 5 U6 SOAS B 28 A [l ) dhe - Tm] g
BRSO T R R A SRR R T, AT S AL B
ARy s S Ead T Es lsan m TRRdE . BeAh, A
se MR TR, AT UALEGR B TIN5 B e R R
i TR B g Al N A S (N Y e L R e
IOAUIA T 38, HAZ O AR R AR A I A T b, B
T BAG KP4 TR, IS8Rl 2R 5
AR FTHER T .

B, AT TARR 2T -

o WATNE T — FlOFT A B 50 073k, 1% T ¥ A

LLMs 7EQREFIEURITE LRI 5 ATE 5 2R

o FATHR T — R IR O A BRI SR, DAfE BERT A
L A AR R TN o

o AT S 14 5% B 2 B AR A T T A T AT
AR VAAE ACSC Il ACSA AL 55 19 B A Y A4
AR ARG SR EEVERE .

IT. X TAE
A, FEERNFESM

FIMAFTOR ACSA MH—AM93 K455 . AAGCN [5] il
i softmax 2 (AR 53 117 4 0 ARAT e 28 1 IR 2R 401
AC-MIMLLN (6] i i 58 £ 5 8 5 Bl ) 4 8ok 43 26 m) 1
W T TRZE SRS . PBIM (] 5455 b 7 0k —
ANTICHRAESS, HERIH EE F PR AR AT 5 T 2R B
Hrill (ACD) A5 A2 (ACSC) 1145,

AT SERAEGE A W SR R, ARS8 4 FET0VE EHE A T
WIGRAHR, W IoE T AF e 238, BART-generation
8] BRI ACSA WA — A SCARA TS5 . 3XFERT DA
TG A L BART [9] 74 A8 )2 S 4507 T A %
PyACSA [10] JF& T —4 ACSA #EZ4L, H-ffH Flan-T5
(L] VERAE BT, K ACSA AE: 555640 R SCA B SUA I %

.

RIERIBF T E TR IR R R AR F A (LLMs) 7% &
OATHEIEE ST, FFEENIRS— ABSA WA R TALS .
LEGO-ABSA [12] 4 i i 4% il th 2 D ou R AU AT 55 52
NRA, AE— AT A HER P RN R ABSA 4155 .
ChatABSA [13] &—AG—MHERL, W AXFEANIRI T
(B LN (G

B. A TRFHHAK
P TAEAE A48 508 5 B8 T N2 1) — Rl R,
M RTS8 40 BERT [14] (9B ALK, 2405

ST

www.xueshuxiangzi.com



Cq: ambience

co: food

Sentence S: while it was large and a bit noisy, the drinks were fantastic, and the food was superb.

s1: negative sp: positive
Sub-task Input Output
Aspect Category Detection (ACD) S {c1,c2}
. . . S.e {s1}
Aspect-Category Sentiment Classification (ACSC) S (s}
,C2 Sz
Aspect Category Sentiment Analysis (ACSA) s {(c1,81).(c2,52)}
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» Step 2: Confidence-weighted Fine-tuning
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1 LLM ZE B Sgen S EIATRAE v BEXT, PAERL— IR
FEA o' = (Sgen,y) o W, BAVFAG T —AUEBA )T
HIARAEXT

PROMPT_TEMPLATE = ""You need to generate a sentence that is
significantly different from the original sentence while preserving all
aspect categories and their associated sentiments.

Original sentence: {text}
Original aspect categories and sentiments:
{categories_with_sentiments}

Requirements:

1. The generated sentence MUST contain ALL of the above aspect
categories with the SAME sentiments

2. Make the expression style completely different from the original
3. Maintain natural language fluency

4. Only respond with the generated sentence, no other text

Generated sentence:"™"
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Table I JiIF B R- MIHRERN ST EE .

Restl5 Lapl5 Restl6 Lapl6
Training set 1120 1399 1708 2039
Testing set 582 644 587 573
Categor Train 12 12 81 81
gory Test 12 12 58 67
Positi ot Train 1198 1103 1657 1637
OSILIVE annotations — meqy 454 541 611 481
Negative annotations  1rain 403 765 749 1084
cgative annotations — mq¢ 346 329 204 274
Neutral ot Train 53 106 101 188
eutral annotations Test 45 79 44 46

TSzl FRATHLE GPT-do W 4 ke e g 2 i
A4, 1% Flan-T5-x1 [] TR 1) 2 B - A R e A 28 T 1)1 2
FREIER FEE AR ERNE A ER R B . Bk,
Flan-T5-x1 [11] EXRKEHAH B R ES 152 15175
VA, o L b A I SR AT A ) s . FRATT
F Flan-T5-x1 [L1] #EF7500H

X+ ACSC {£4, FATHE Restl5, Restl6, Lapld #ll
Lapl6 B8 8 IS5 o 40 512 0.4673.0.3045.0.3045
F10.6123. %1F ACSA {14, o016 IEE o 2 0.1713.
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Table I: ACSC (R4 1950t t. | FR it fI9% 11 ECAN [R1) . FREh _ MSHRAe ik h &I . FRid
W b R BAERERE L HEA S

Rest15 Rest16 Lapl15 Lapl6
Methods P R F1 P R F1 P R F1 P R F1

CAER-BERT 1 71.27 63.75 66.25 77.69 68.39 73.6 58.34 51.86 60.78 65.36 54.73 60.79
SCAN T 71.25 67.05 69.09 73.87 76.25 75.05 71.01 45.49 55.45 61.06 45.42 52.08
AC-MIMLLN f 71.45 65.18 68.17 75.66 74.89 75.27 59.06 53.88 55.29 68.08 55.89 61.39
LC-BERT 1 72.08 65.76 68.77 76.34 74.16 75.75 66.84 50.78 57.72 71.05 53.11 55.58
EDU-capsule 72.67 67.34 69.9 75.93 77 74.81 73.98 52.27 65.43 67.02 49.2 58.01
Hier-BERT 1 70.42 65.75 68.01 76.99 73.88 75.41 70.19 48.41 57.3 66.01 53.71 59.23
Hier-GCN-BERT T 75.12 66.47 71.94 77.62 75.61 77.68 75 66.84 70.69 68.32 62.54 65.09

MvP 67.8 68.63 68.21 73.76 75.49 74.62 - - - - - -
ECAN T 84.38 74.43 79.09 84.92 79.65 82.2 83.56 75.34 79.24 76.11 65.45 70.45
Ours (w/o DA) 89.75 90.53 89.46  92.41% 9267% 91.8% 9081F 9146% 9074t 83971 89.39  89.17 %
Ours (DA) 86.79F 8828% 86727 93.84 93.83 93.44 92.92 93.36 92.99 9027  89.14 1 89.64

Table ITI: ACSA L5 E R . ~ FREIETREIRKE PBIM [1] . Frich WS RAE A G h R IERAE. fRid
J AR RS
Rest15 Rest16 Lapl5 Lapl6
Model P R F1 P R F1 P R F1 P R F1

Pipeline-BERT * 38.12 70 49.35 43.62 79.06 56.21 36.91 51.62 43.02 31.92 51.56 39.42

Cartesian-BERT * 72.02 49.15 58.42 74.96 63.84 68.94 73.06 21.18 32.83 64.99 27.4 39.54

Addonedim-BERT *  68.84 55.86 61.67 71.75 67.95 69.79 64.13 39.57 48.94 58.83 39.49 47.23

AS-DATJM * 66.35 50.52 57.21 70.88 60.35 65.19 58.91 40.28 47.76 57.29 36.7 44.71

Hier-BERT * 67.46 57.98 62.36 70.97 69.65 70.3 65.47 41.26 50.61 59.51 41.93 49.19

Hier-Trans-BERT * 70.22 59.96 64.67 73.25 73.21 73.45 65.63 51.95 57.79 58.06 48.29 52.52

Hier-GCN-BERT * 71.93 58.03 64.23 76.37 72.83 74.55 71.9 54.73 62.13 61.43 48.42 54.15

PBJM * 75.07 61.48 67.58 76.53 73.6 75.03 7223 %  54.96 62.41 62.63 50.08 55.62

Ours (w/o DA) 79.73 75.29 77.44 7926 F  79.89F  79.58 % 68.96  63.44 % 66.08 1 64.14 59.18 61.56

Ours (DA) 76.16 ¥ 72.88 % 74481 81.58 83.75 82.65 72.74 68.6 70.61  62.77F  5830%F 6045 F
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[26] . MvP [27] . ECAN [21] . fEix2ehiekh, ECAN [21]
1 ACSC 155 il T A BLZL
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BEE (90.53 % XFH 74.43 %) o RAERANTHBAAE [
HEsk (DA) WHOTERERSA T, F1 1544 86.72 %,
B4 ECAN Ei 7.63 %. iXEH, EARBIRIRIE %%k
Pase FICH R EMERE, (HAL O BRI IR A 3L

1E Rest16 $¥ade I, (8 BRI AgHAIRAS T 93.44
% WEE F1 4%, B2 T ECAN By +11.24 % ., ¥
Wi (93.84 % ) FMIGHZE (93.83 % ) HEF TIEHEEM
gL RINEIEIGTRAE Rest16 Eu4E AR, B
AR, AW A (w/o DA) 1) F1 4p4tdik s 1
91.88 % , I ECAN &t +9.68 % . [A#EH, 7E Laplb Fi
Lapl6 £flude b, FAIn9 DA MESREIA RS T HfE F1
S, ORISR BREEE R S . RATABB RIMEE A
ORI S 2T ECAN, st Bo g THATY
YETE DA 1 w/o DA B FROUBE .

2) 7w ER AT EIN - 7E Restld %insE b, 3K
I AR A B R S L, Ours (w/o DA) k%]
T 7744 % WifE F1 434, PBIM (67.58 %) &
+9.86 % F1. BSRIRATTZ 1 K8 5 () B AL ) 26 PRSI,
F1 580k 74.48 %, (HEANSREL PBIM & +6.90 % F1,
FUEAE R B4 P B o R gEdE— 2P Pk RE, (HE AR

www.xueshuxiangzi.com


https://github.com/optuna/optuna

Restl5 Restl16
85 4 - P g5 | =@ P
R R
80 1 == _F1 80 —@— F1
75 754
X704 : X 704
[ [0
S 654 S 65
1% 1%
(2] (2]
60 - 60 4
55 55 4
50 50 4
45 T T T T T T 45 T T T T T T
\ 0. ~0. 0. 08 =1 _02) _0.M 096 _0.8) =1
vel ours 870 e 020 020 020 s @ el ours 870 (e 020 020 o020 s @
Lapl5 Lapl6
851 == 85 - -7
R R
80 1 el 80 - F1
75 754
70 2 :—’N. 70

Score (%)

60 1
554

50 4

45

Score (%)

65
60 /——ﬂk—o\’_’_.
55

50 1

\ul _02) _0.8 _0.6) 03 =1
e ours €0 s 870 (s 0707 (s 00T ues @

45

) ~02) —0 0.6 ~08) =1
7B ours @=0 ours =0 ours (=0 ours (=0 outs (o

Figure 4: [ o M FFEPIASRE L AORSHEE . TR F1 4800 T ACSA {£45. PBIM [1] BH. MAMHRI

HES bRt

Fr T 5a g IEE R . 5 Restls ML, £ Lapl6 $asE I,
FRATHEE FE R R AR (61.56 % F1) HoEded s i 4
(60.45 % F1) FIELE. SR, XIFIR A 3L PBIM
(55.62 % F1) wH +5.94 % F1 +4.83 % F1.
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B 85 SR AR AU AR A R, SR R R A
R, SHETHRFM FL K. 1 Laplb $dade b, A
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B. Byt

AT TAEDA R ERIESE Restl5, Restl6, Laplb
il Lapl6 L) ACSA {155 ﬁ%‘éﬁz o . T FIRRER /N
. RN SEI S R W B R . LTI AL
PEEERE R, AT ARSI (P). GRIZE (R) Al
F1 1850 7 H#RL T e H A8 PBIM (7] .

TE Rest1b iii4Er, 5 F1 848 67.58 % 1) PBJM #H
W, ATEENA o WE LSRR FEL, Hri g
BNIE o =0.2 BHEF] 77.51 % . EAREDE, Precision ¥E
a =0.2 i E, A 79.31 % , [AFE, Recall 7E o =0.2 B
RF T, A 75.79 % o PERETEME o =0.4 BRI,

Table 1V: 1) e R B /N FA ACSA fE4511
PSR

Rest16
P R

63.42  50.33
68.43 60.32
81.58 83.75

Lapl16
F1 P R

56.12  36.38  23.85
64.12 60.18  50.56
82.65 62.77  58.3

Model F1
28.81
54.95
60.45

Ours (220M)
Ours (770M)
Ours (3B)

ERIIIE ORI (5 o ) WRES T BESRIE E R T,
MITHRHEZAEE J) o X RREXTT Rest15 54, BALW
o {f (40, 0.2-0.4) BEMEM.

1E Rest16 ¥R, PBIM 1 F1 344 75.03 % , ifi
BAT T EAE o =1.0 BHER| T 82.45 % , ML T FrAg HAth
FikEe 18 a =1.0 BHE BPRIKRFIH KA (83.22 % ). %EE
EZm TR R EFINE.

1£ Laplb #a4E b, PBIM RIUAME:, F1 (5N 62.41 %,
M T AR HSE = E] 7044 %, Hi o =0.8. 4 a ik
) 0.8 i, FBIPERERAIETE, BEGHE o =1.0 BIIEA NI,
FAEMR o JEREITE 0.6 3] 0.8 Z 6],

I AL PR B4 2 Lapl6 Hd4E. PBIM [y F1 15
ALK 55.62 %. FRATHIBAIAE o =0.4 HHRFIERESR T 2
60.45 %, (B4 M FNHER AL 24 o =0.4 B, &
NIBRLIR B Fe v B, B IIE S, HERGSRAH 0] R
FEN
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