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Text Simplification for Aspect-based Sentiment Analysis Based on Large Language Model

WANG Ye and WANG Zhongqing

School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006 , China
Abstract Aspect-based sentiment analysis aims to identify the sentiment polarity of each aspect in a sentence. However, most
existing approaches overlook the redundant and irrelevant information often present in review texts, which not only complicates
model processing,but also hinders accurate sentiment element extraction. To address this issue,this paper proposes a model that
transforms the original text into simplified clauses,expressing the same sentiment in a more concise manner. The key idea is to le-
verage a large language model to pre-identify aspect and opinion terms in the text,and then generate simplified clauses based on
these identified sentiment elements. A self-verification mechanism is employed to ensure the generated clause satisfy three crite-
ria: sentiment consistency,relevance,and conciseness. Furthermore. the model jointly uses both the original text and the simplified
clauses to generate sentiment elements. Experimental results on public datasets—Restaurant, Laptop, and Phone, demonstrate
that the model outperforms existing baselines, highlighting the significance of simplified clauses in aspect-based sentiment analy-

sis.
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Table 1  Basic information of datasets
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(1) ChatGPT-4o-mini"**! : 3& F OpenAl F & 1Y K HLEL A
B TN 2505 5 A AL S ) A B 2 3] 0 Ak S B R
A4 31 R A B

(2)LLaMA-8B™ : Meta 48 i (4§ & 20 K MU 05 5 R A,
SR FH 60 it % 2% SR AR R T L 8 5 5 R 1 de A SR S 88 T
41 = R A,
4.5 ELWERNN

ARTE 3 AEARE T LB T I R A AL A LA AL [ AB-
SA AT 45 PEAE . SEER LS R ANFE 3 BT A L H A oL 5 R 6 % Y Bl
Tebr R s R, R 4R SRR A 4

3 AR AL R
Tabel 3 Comparison results with baseline models
%)
Models Restaurant Laptop Phone

P R F1 P R F1 P R F1
TAS-BERT 26.29 46. 29 33.53 47.15 19. 22 27.31 34.53 22.07 26.93
Extract-Classify 38.54 52.96 44,61 45.56 29.48 35. 80 31.28 33.23 32.23
GAS 60.69 58.52 59.59 41. 60 42.57 42.17 50.72 48.15 49.40
Paraphrase 58.98 59.11 59. 04 41.77 45.04 43. 34 50.62 53.20 51.87
GEN-SCL-NAT - - 62.62 — — 45,16 45,16 51.56 48.15
Opinion Tree 63.96 61.74 62.83 46.11 44.79 45.44 53.02 56.96 54.74

ADA 60.15 61.95 61.04 45.03 44.53 44.78 - - -
TOG 64.32 62.48 63.38 45,32 44,57 44,94 54.41 56.07 55.23
ChatGPT-40-mini 39.32 42.03 40.63 22.60 25.40 23.92 22.87 29.52 25.77
LLaMA-8B 62.55 61.41 61.97 42.51 43.67 43.08 52.40 52.59 52.49
Ours 64.02 63.67 63.84 46. 86 45.56 46.20 55.17 55. 87 55.52

AR SCRERITE 3 ABEAE Y F1 48 A7 2 08 T H A X b A
AL 7E Laptop 8485 LRI mEEth . #— L0 LM,
5 Para-phrase B A A Hb, AR SCAL AL A F1 $5 AR E T T
TTABENE L IRKAET T 4.8 M A M. X—8RAani
BT 456 R IR SCAS S5 R AL O vk AR R A A R BRIFIR P Y

TG AR AR A T Y0 75 e SOAS S 2% e 1 ] £ B 1 Ja
A A AZ 0 A5 IR AT R 452 i 17 455 250 44 e J32 195 SR 20 T Y
1o F 3 B AT LA M AL T 2 45 08 AR L A A
BRI E UM A PERE . X — G e T A sy B 7E Ak
AL 2 1 TR T 2 I 9 DR 3R HL R B 6 B A AL T A I
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BOCER T B TEE AT EZE L RABR T HNER
PR AR E . B T kR B8 D 58 iU BT R Y 3 ORI
I3 B — B B 1R 25 R O R i 24 45 R i Y L S ORI (1Y
R MR R RE . AH L2 L AR e T 0 i i
) o 14 2 ST HESL , BE WS 7 — 58— W AR R T 8 2 AE Bt &
FAEBOTE M oT A, AR AR by /b T v 8] 25 B8 v i 4 3R AR
BAGEEER, HAERMWE, WA RKBEF AL 3 4
P b 0 3R BN 28 M, 3 3 B 40 R B A B AT 4R 2 K
B T I Y — TP AL T R TE A A T SR R 2 4 B A R R
TRAY NG B0 AR TR L T e B A A 1 AR AL S BRI
TR TS 4 4 R LA R A P .

A SCRER AL T AR B i R R T, 8 O A A R R AR
FE b0, R 48— A M R 25 00 K B R 1R 5 AR 4 4 i B
H brfi b v B AR R T8 I 7 I B R AR I A 38 3 4y R
TR RE UER . XA IR T TR e BOoT R 4R B
T 55 8932 Ak 58 7, J6 L AE T8 X B 2 19 JER 3R 35 RN A2 A SR I
FE I e BLAS TN RN R A, 38 i AT ARG SO R A
[e) i O BR 5175 SR 06 B %0 A U2, 15T 280 B 455 T ORS E b o 42
7 BT A A L S B T R A A Y M R R SR R
TV AR A O A R
4.6 HRXLR

Y B UE AR S5 v v AR IR AR ) RS I R A R B A
BOME S BT I Rl S 0 T X A5 R AT T AT .

Random Fragment: P\ Ji 4 ST oy B A1 36 B — 4> Fr B A
oLk AR

ChatGPT Extract: Fl | GPT-4o-mini #5251 £ 3% M\ 5 i 3¢
AP —A 7 BeVE b R +4] .

ChatGPT Generate, : 25 il 155 %1 () 5 8% o 22 i 150 ) A
B, 45 5 J7 T8 ) AW 53R B9 5E SC, F T GPT-40-mini, #R 4 J5t
G SR B A LR AL A

ChatGPT Generate, : 45 7€ J7 18 1) F1 W0 &5 17 1) %€ X, Fl A
GPT-4o-mini, AR ¥ 5 If SCA ) A= B 77 T8 98] L WL 5, 3] A £ 4k
ERGE

Ours-w/o-sv: K BRAR ) B 3R BRI,

HalSr g a5 Rk 4 Ffryl, #l LLF ), Random Frag-
ment Fl ChatGPT Extract 43 %I i 13 Ffi 1L BE £ F B Fn B 35 2
WA Bk A= i Ak 7 A, H F1 43 804 51 A 60. 83% Al
61.10%6 W i F IR LR SCA ABSR FHBON A R, X R, 3 2y
PR RS A TR b ) (R R A U R I R OT R A% L
FERBUGBE KRR, ML Z T, ChatGPT Gene-
rate; fl ChatGPT Generate, 3 i GPT B8 4 g faj /b 4], H
1 ChatGPT Generate, 78 4 U TRT £k F /) 1 [6) B 2% & T 5 16 A
HIW 53 L 25 BU#E 4 08, F1L 22 Bk 5 62, 36% . X & WA
A B8 Ak ) 0 o B P L 256 D T 3R U R 19 1 S R A8 B
E IR TR A R AR 4 SR AT IR AT R MERR I . AKX A L
A SCBTE BY A TR AL A S BEAR Y Ours-w/ o-sv, 3% 8675 %
TE Restaurant 085 5 L8 80 A B RR B2 A9 M BE R R, i IE
BT T TR S IR T 3R AR TR b Rk A Aok L Ag
f% U4 b Ok BE 5 A R BT AR DG A AL AR L

E Xl e

Table 4  Ablation experiment results

($49)
Methods P R F1

Origianl Text 60. 94 60. 33 60. 64
Random Fragment 61.91 59.78 60. 83
ChatGPT Extract 61.65 60.56 61.10
ChatGPT Generate; 61.92 60. 89 61.40
ChatGPT Generatez 62.36 62.22 62.36
Ours-w/o-sv M 62.11 w
Ours 64.02 63. 67 63. 84

M 4 BT LLE . BB B REIER A Ours-w/o-sv
BB BT AT TAG 46 bk 1 3 R 90 b 35 1 MR B T B, H FL 4
0 62.81% Bl BAK T 2 #E LA Ours 1Y 63.84% . X —4%
SR — 2B SR T Fh 90 TE AR H R B2 TR AR M RE T Y G S
F o TR S0 TE AR HGE 2o 5 L6k A B Y 8 Ak AT T K
B AE TE AN Ak o f 3 8 e T A IR AR A o B ) R e N
Ptk BBk UL, 5838 04 Ours BRI STEL T fHe (0 5 IR 4 e 1k
Al » FEATIE IR T AR S 2 P A5 A AR B A B T A I 4 BT T i
THT (44 0
4.7 FEEUTFARE

o T VAR AL A T SR N AT AY v, N 4.6
JT AR B B i BT AL 2% v BE ML AR IR 100 A 4k 74, 223 500
AREAR, HBTE 3 44 A SRR T AL B AT B T R A AR R A
I B — B So A S S MR i 4 Sc 3 A4 i 4 BE AR
FFBSE VS o AR DT 00 20 WLk L 7 43 3 G 3k 3 o 1 4k F

AR B . TP AR 5 A,
#5 ATIFa4ER
Table 5 Manual scoring results
%)
Methods Ss Sk Sc

Random Fragment 0.55 0.41 0.64

ChatGPT Extract 0.67 0.63 0.61

ChatGPT Generate; 0.63 0.68 0.61

ChatGPT Generatez 0. 60 0.69 0.59

Ours 0.72 0.79 0.68

T LA L B R 1 AL IR AE 3 AN IE AN Y 13 R
TR T AEM YR T Se BRI BN W, X —45 2R
F O AR BT H AL TR AL 7 vk L AR SCT7 1 Re 0 T 4 b AR+ 18 AL
0] 5 JEUIR VT8 SCAS TR R 3 A A LA ) b — ot T
AT T AT BT
4.8 HUFRARENFIE

7 Ak /0] 1) O i 0 T Y A R MR R BE W . g,
A HE Restaurant IR E ER M ZHERIFLE G AN TR AW
75 2 A B AL A B R e — vk R AR A Y P e 2 R
(Theoretical Boundaries, TB) ., B %% . fE KB 5 A5 8 b g X
5 T 3R] RV 3 19 M S L I 43 ) A AN B R T T ] B AN 7 K
WL B AL TR . BE R Ak T K Ty R B9 A T ) 52
W7 T TR o A BV R B T AL TR AR BOUL A R
N 3 IR T T ) WL TR A G TR A R A D i SCA S [ A A
RAVE FHAL, DA R e m 4L ¥ 0. s i IR L
A B R BEAT N R A ) R il R — Bk AR
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SR B 3 P AR AR — B o DU T A A A R i R AL T
f). SERES RN 6 BT,

%6 A ER A TB (1 H 845 5%

Table 6 Comparison results of model ER and TB
%
Methods P R F1
Ours-ER 64.02 63.67 63. 84
Ours-TB 64.83 63.80 64.31

ATLLE Y, B e 3 R T IR 45 L (Empirical Re-
sults, ER) . 23 k0S5 & A T K 75 6 0% 00 RS o b £ B8 1 sk
15 B W5 B0 5 05 B m RS, 3 3 43 I B A Ak 5 8 R
R L7 A A AR 1R A R X IR 2 A SR A B o, B B T Ak
ARG SR, XSRS RUE T R kTR R
FEAG B AT 55 Hp Y SRR

GRIE OARCIRM T —F AT ABSA 55 1 SCA i 4k
R A A e aeh R AT  RRA AE  JRAR SCAR I fRT Ak F
A5 R SR T A B S0 I v 6 2B B R Ak A EAT 56 IE B AR
HL R R — B R S RO I L DR TIE R L AR R 2
20 BAE B B AR R SO SRR IR JE K AR A SRR
SCARGE A EE R 3 AN A TFEARE AT T — RG0S5 40 T BT
PR AEVE B b B0 D B LA B H £ B 4 1) T i R

AR O 2 AR T R R RE B 1 £ o T
EAFHE— 5. Rk LAWK EEERELUT LA .
1) F e A TR 5T 3R TR S 014 T L DT 5 A 7Y (1) e ¢ M i i 0T
SRR 2) 4R Rz A 7E Hofh ABSA AT 45 w0 9 o A RCR
40 J5 1 = G 4R AU AT 55
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