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Abstract  In Aspect-Based Sentiment Analysis (ABSA), sentiment quadruple extraction aims to
extract quadruples consisting of Aspect, Category, Opinion, and Sentiment from review texts.
This task, which enables comprehensive parsing of fine-grained sentiment information, is cur-
rently highly challenging. A series of prompt generation approaches have recently attracted much
attention. These approaches reconfigure the traditional annotation task into a generative task,
which can utilize the rich semantic labels in the text and avoid the challenge of over-focusing on
multi-task interactions. Existing prompt-generation-based methods have two main limitations.
Firstly, they depend on manually designed discrete prompt templates, which makes it hard to dy-
namically optimize task-related features, thus resulting in suboptimal prompts. Secondly, the
high cost of annotating implicit sentiment data leads to its low proportion in datasets. Conse-
quently, sentiment analysis data often exhibits long-tailed distribution, causing existing models
to struggle with implicit sentiment in reviews and suffer from low accuracy. To address these is-
sues, we proposes a sentiment quadruple extraction method combining dynamic prefix prompts

and data augmentation. For the suboptimal prompt problem, we design a generative-model-based
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framework for the extraction task and introduce a Dynamic Prefix Prompt method. This method
uses continuously adjustable prefix prompts to dynamically optimize the model’s overall task rep-
resentation. By incorporating category information into the prompt prefixes, it enables the model
to dynamically generate context-relevant quadruples. Specifically, it initializes specific prefix vec-
tors for predefined categories, combines them with context-encoded sentence representations,
and applies attention weights to generate task-relevant prompt prefixes, enhancing the model’s a-
bility to focus on and generate context-relevant sentiment quadruples. To handle imbalanced im-
plicit sentiment data, We designs a data augmentation strategy based on a large language model,
which utilizes the rich knowledge of the large language model to synthesize new implicit senti-
ment data, in order to enhance the model’s ability in processing implicit sentiment. Firstly the
strategy aligns the big language model with the data generation task through instruction fine-tun-
ing, and secondly generates diverse review texts inversely using quadruple labels as inputs. Spe-
cifically, we firstly constructs instruction fine-tuned data pairs to map real quadruples as the gen-
eration target, and then employs highly efficient fine-tuning of the big language model in order to
control the diversity and quality of the generated texts, and finally retains high-quality enhanced
samples that are consistent with the original data distributions by means of clustering and seman-
tic filtering. high-quality augmented samples consistent with the distribution of the original data,
realizing the mitigation of the data long-tail distribution problem. To verify the effectiveness of
the method, extensive experiments are conducted on two real application datasets in this paper.
The experiments show that our method improves F1 scores by 3. 60 and 2. 20 on the Restaurants-
ACOS and Laptop-ACOS datasets, respectively, while the F1 scores in the implied sentiment da-
ta are improved by an average of 4. 23 and 4. 67, which is up to the current state-of-the-art level,
verifying the validity and superiority of the present method.

Keywords  aspect-based sentiment analysis; task of sentiment quadruple extraction; dynamic

prefix prompt; implicit sentiment; large language models; data augmentation
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PRECEE A, — A EH SN U T E A (g0 LR

ﬁw&ﬂﬂkﬁ
(LLM-14B)

BT ORI T B A B T TR A R R

_._.-“/

J b I R I e 190 50 B

A1 IR ARSI (oD G HR 2! i E
RIS IR TCHE S (¢ ) MHEA T 3,00 v, #
EREHIWRAF o, o XS IE NS A
W E G AR GNP R A 43 1 S5 B 40 B
AL 3 R A TIOUR B ol R AR S 2 % S B
J& AT 55
4.2 ELHA

N T AR AL S B Y SR S AR S0k
B A A0 5 JEAE 138 ST 7] Qwen K F BT AT
WB 820 . Qwen & — 3 T Transformer 42
PB4 O 5 A, 7 v i SC AT b i B AR R
AT AT 3 . R Qwen #5613 w55 i i
TRYIN LA N2 S5 0 A7 I 2, Ji B0 1 i ) 38
i BE 77 JIT LAGE 2 % A A T, Qwen RE U5 5T 47 1
ST 45 % 55

KB T RUR A 1S A 5 Ok JEA R A



5 3 BhoOoKAE T IE

SR A TR BN 3 B A 7 R T B RO 1 1089

x; = Attentive for customer, and ambience is so welcoming
but 0I']|}’ just for young people, it is the only problem about
this restaurant,
{q:d =(q1, 92 93, q4)
g1 = (Ambience General, ambience, Positive, welcoming)
g2 = (Service General, VULL, Positive, Attentiy
g3 = (Restaurant miscellaneous, NULL, Negative, VI'LL)
44 = (Restaurant General, restaurant, Positive, VI'LL)

/4 "1 will give you one or more sets of the ASPECT of the
comment, the C ATEGORY to which the ASPECT belongs. the
OPINION of the comment, and the SENTIMENT as presented in the
comment; if the ASPECT and OPINION included are NULL. the
OPINION expressed by the comment as well as the SPECIFIC ASPECT
of the specific evaluation have no clear reference to each other. Now

lease generate a short, smooth and natural comment directly.”

"L ' CYIEE07)
' ™
a4
I'll give one or more sets of the review's ASPECT...... ()
M ASPECT: ambience , NULL, NULL, restaurant.
CATEGORY: (Ambience General, Service General,
Restaurant mis s||| ancous, Restaurant Gener l|)
OPINION: (» ng, Attentive , VULI L ).
SENTIMENT: (I‘u\lt]\L Positive , \L tlI\L I’lmll\l.)
S v
TR VAR 2]
it
Attentive for customer, and ambience is ...... (x;)
54 T SR !

6 84 T B s 0 ke 3 R AR

7 B FE SEHT A2 B 4 i (token) BV v, FISRIE T 4
R — A4y, B, IZA T RE ST B A 4G
HWAJTH X DR OL T A BT 5 Y 9 R R
Y | XD X FEA OIS (oL, HAER
BERFRUNT
p(&?()::j%tp(yk\ Vs XD (6)
X HE A S X R E Y 0k !
;.
FE Y 25 9 B, HL AR 0 2 80 fi FH )1 25 1) A T 3
1701 4R Ak R FH 200 5 ] 5% 1% ( Teacher forcing) i
RN G PN =R v § k€ O I C D I

A W A5 A oM 5 2 RN F
‘I)/‘ m
L(D ) :72210gp0(3}i | ylv“'vvaX,ﬂ)
=1 i=1
D)

Hh o ZaRFAINESE. | D, | #RHTRS
TR B YN 5 B A B0 (AR SR T 43 SR R FE AR D,
KHAFTY T . X, RRHE j A48 4 WO Bl 10 A
JPH . m R EARFIREE . SR 6 FH AR Ak & 6 mT o
RIS H 0 W R0, |
4.3 HIERERKRE

FEXT R AR EAT 48 A SO Ja L AR SO B
WREE (R top-p B AR LS BOR 48 S B AL A A R

1o 2 PR DAy i J3E 6 ) 2 P ] ) A R O A L A B 0 T
JETN o F ] D=0 A A R AR A ) 0 B L E
1T 25 v 1 B A TR A T 328 A A i ) R AN A
PR Y, AL R Y top-p U AT DL B — LA
SO QIR BRSO TR R 9 2 R M I A 4
SR KON AR 7 vk 22 U A R AR R 22 19 IR A
. T RIRBE R SO BOR SRS 9 S50,
PEAT B e 384 50 KA 64 2 il

D, —EGg (f(D,) (8)

A¢G9ﬁ%%éMﬂFmﬁmm&i f(D) At
AW R B FARRLE W R D, , T XS
TREMHEAREZ LR RE, D, REENAT KF
A B A B SR . T R S A SR R A BN
D, FF A e 3 07N 2 58 1 T 1 R A S 1Y
Bl D, 3k J& N T B ik KRR AR At T AR LT
T OA A B S G s S 1 R DR
S A9 Ak RE 1 R fig
4.4 BIEREHIERE

xR F R LG AR AE D, R RRE. S
top-p ZHUHE T T Az BLAY L HE B 4 A B A B S
R R I AR SR FH B 0 4 SR I Ao 08 e S A0 Bl
R AR A fa O TR A B 48 D . BRI P IR
.

(DB PR K-Means+ -+ 32599 DL R B
JEIRBAESE D rhoFoR, RO sER P, .

() H B E A4 D, hEAREAR 584
LD lplpeP,) MIBXHEEZM: , HpH
%%ﬁ%ﬁﬁ@?:

ezz Zcos(j,c)zz Za

JED, cEP, JjED, cEP,
_ ‘ _J-c
o=cos(j *¢) IR (9

(3) BRI SCARALLBE RN e B i BOAREAS , T 26 /5
R B E S D,
(4) Tﬂéﬁﬁﬁﬂﬂ%&(Z)‘(S)EﬂDf 1) K Tk 3
T R B EAN BN, o B 1R T B
Ji 1 32 SR Wk 1) R A AR
BE 1. BRSO N A AR
HiA
D, . #5m e 4E
D SERE R
N, : BEPOHEE R
N« B 8 B SR 00 A 4
il AR BIRE S D,
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1. ¥tk D, = @

2. kM K-Means+ +RJKH %, A D 4l kN,
LRESP,

3. for i in range(N,) do

4, WAL min_sim _sum = oo

5 W1k selected _element = 0

6 for j in D, do

7. VG4 sim_sum = 0

8 for c in P, do

9 R 5 WCRRZAHBE B RFUE o
10. sim_sum += o

11. end for

12. if sim_sum < min_sim_sum then

13. min_sim_sum = Ssim_sum

14. selected _element = j # 0B 50 S b
MR AT ER

15. end if

16. end for

17. ¥ selected _element MAB|HEA D,

18. end for

19. return D,

5 RWRItS5SH

FATTEPIA B SR BE R 94T 7Tz i SE 5
DLE— 25 B0k By 418t 00 7 I A Rk, fExX L FR
ITEZEXF LR 5 A5 W AT 525 53 17

Jrifi 1: Gen-CDPT J75 i 15 B4 T AR A LL (9 1
RER .

D5 2. AR HE G B JT A AL 3R LAY Gen-
CDPT SCHE 4 M #R 73

i 3. B SCEh AT R R XA AR R

Ji T 4TS R X Gen-CDPT HEBE 21 .

J5 T 5 2 R P HRCHE 1 5 5K W A= 1m0 8 T EE
X 155 AU M 8 1 BT RK
5.1 XWIEE

(D% Ha 4k

Fr 1k A B B HE 4 43 91 0 Restaurant-ACOS
Laptop-ACOS, Ef IR IETF SemEval I ¥4 55 fir >Rk
JHHY Restaurant #l Laptop £ 9% & . B Cai - NG
T J5UA Bl EAT T R bR T LA B O R Y
PO T2 $E AT 55 . X P EHlE AR TR TR T R
HL 77 il B, R R B e TR LR 1

(2) Py

TEILH v, X F Laptop-ACOS Fll Restaurant-

ACOS iy I i At 4, A SCOR 55 B 5 4 )
B XI5y . ZJ7EEAE 2 3k NVIDIA RTX A6000 GPU
i PyTorch, Transformers.Peft 52 F) it 7 45 5
MR RN 2R ¥ . R T5-base ™ 2 4
B2 R B BERT-base™ {8 B F SC4if %, 1
SEEy Al 2 ) RO le-d ) AdamW ( Adam
weight decay) Ak #8 t4k T5-base # R, ffi f 417
KR W 2% 2 % R 3¢5 B9 AdamW 14k 28 15 1k
BERT-base 4 i #% F1 55 A~ 2 590 115 46 LA S s A& i 24
X 26 I, Ho 4R E RNy 768, K E N 120,

O T B 1 5 TR W, AR SR R A R B R
B A F AT 70 B FLBCR B 0 2 R A Y — 1 OF Al
22 R H 1e-5 B AdamW 4L 48 8 Qwen 3
Bl KB S M, R FH LoRA &5 4% o = iy 5 2%, {X
X Qwen T A& 1 2 R 5% 4l 26 0 45 A5E B iR AT H AL
LoRA k128, HEZ M LR SEUNZK 2 Fin,

x2 XBBH

255 Gen-ACOS Gen-CDPT B 1
BRKE 256 256 256
AT 28 4 — 120 —

T 28 4 JiE — 512 —
Ak 7 AdamW AdamW AdamW

A 3 le-5 le-5 le-5

Batch size 64 16 128
EpE S le-d 3e-5 le-5
Epochs 20 30 10
LoRA B — — 128

T B2 2 1 1 8

(O T F8 b

G I B BF 5T BATT R RS B BE (Preci-
sion) . & [ & (Recal) fl F1 708V b EE W IEALE TS5
bro (AR, A S — AR il 8% Y o i
TR A BT E R HHE S A PR (ground
truth) 4 DU T4 58 4 — SR, 7 B A0 0 IE B A PE L
5.2 HEEXEFHZE

AW Y Gen-CDPT #1252 48 T 4E i
77X, MOCEEZ I an T .

(1D DP-ACOS™™ . — B 3 F X% 3% 1 )7 i, H:
2 HL A AR 1% 35 T D) 32 A 155 JE W e 24 4

(D) JET-ACOS- ; — b {07 B JE 0 3ty 1) 33t HE 28
S5 T D5 T X L 0 RN g M I AR I T

(3) TAS-BERT-ACOS"" ; f1 Cai % A 1Y #2 i
1) — g 25 G K 2k 7 35, M TAS-BERT £ A 42
HUIE Y e 4
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(HEC-ACOSM™ . RH T — 1 HAREEN T
AT — A5 B A R B AR B LA T o 17 Je U G 21 4 L

(5)BARTCRN™ T —F 3 F BART #
R 795 5 %07 10 30 2 A B I A A 3 R R i U SRk
Mot

(6)GAS™  — Fl R FH 1 B 15 4 B3 28 28 A
JRTTF YA AL, B B BRI B Y T AT S5 E AT T
JHE .,

(PARAPHRASE"  J& —Fh A &% i 75 i — 2
S — 15 & — R A AR, R — L T SO T B
B SCA IR 19 A BT

(8)USI™ .3 it ZAT 55 485 A i 1 X —
HIE Y IT A

(9)SI-T28M . — Flr i i 25 #i 4R /% A8 Al 45 # 15
Sy SR B B T AL

(10)Seq2Tree™" . 5% FHE 44 1 Ry J5 91 2 7 Y
H AR 45 44 o 3647155 8% 0 o6 20 2 BUAT: 55

(IDIACOS™ 3d it £ 3k i 3 ) M Z 4R %6 5 51
B A 7 XS T — 28— g — WA A
LI

(12)MVP . —Fh 3 22 90y B 1A 7 10 175 Uk
DU ST AL By s 38 R R A R R SR A R
TTE.

(13)GenDAP™ 2 H T —Fift U S 2 1] SC AR 45 7Y
(18 A B B 5 3 FH T A e 17 U U e A R R
BEXF ik — AR AR SCHE ACOS B4t 48 [ k4T T H BT
T WA

(1) ADAS™ R T — Bl (138 17 $08 189 56 AE 48
PEAT 15 I DY 0 41 42 B, BF XX — B R, AR SCFE ACOS
Bl L T T EBTE R .

(15) ATOSS™™ . /v B T — Bl & F R A iF 5 B
R 155 % DU e 4 B B L % kil o o ) R 4
B B4y L IR T AL A R R B

(16)LCD/&-CD"" .3 1 51 A W 8 4 113 o 4l $2
ARG EOT R Z Y 06 0RO A H 2 3 5
TR A A R Y T A

(17) Chat-GP T . 531 i A7 19— Fh K iE &5
B, ARSI w3t T R AR 4R R 8 A Rk
ChatGPT L f# fig 77 LAt S8 5 1 — 250 — 1% %%
— WL AR D G 2 4R R

(18)Gen-ACOS: /& 4 3C 4 i 1 % B HU 4 7
(18 5 Al £ SR AR L L) S B R U ST 4T B B
5.3 FEXLRER

F T HE Gen-CDPT J5 ik 5 3 28 T/E (1 14 Ak

FI NI 1), A CFF Gen-CDPT i Y 5 KL 2k 2%
REAT A bR 25 (x4 H RRIZLLR
E ACOS Bl 4k Hilb AT T E T M., FE LWL,
RNE 3 Fros, Hrp P AAERMEHE R AERF M,
F1MFE F1 8. SRS . $& 11 Gen-CDPT
RIAERELE FHUES T RAFAY S, X e s 4k SR SR 1
Gen-CDPT BEfE SZ IR 75 1Y PGB .

®3 FTEXRHER

(CRAVEEE S Restaurant-ACOS Laptop-ACOS
LAY P R F1 P R F1
DP-ACOS 34.67 15.08 21.04 13.04 5.71 8.01

JET-ACOS 59.81 28.94 39.01 44.52 16.25 23.81
TAS-BERT-ACOS 26.29 46.29 33.53 47.15 19.22 27.31

EC-ACOS 38.54 52.96 44.61 45.56 29.48 35.8
BARTCRN 56.62 55.35 55.98 41.63 40.46 41.05
GAS 56.01 56.01 56.01 42.04 40.91 41.47
PARAPHRASE 58.76 59.30 ©59.08 45.06 41.88 43.47
USI 60.07 61.14 60.61 44.57 43.91 44.24
SI-T2S 62.36 61.41 61.89 46.71 43.58 45.29
iIACOS 57.24 53.21 55.15 49.59 34.65 40.80
MVP 62.43 60.77 61.59 45.59 42.32 43.92
Seq2Tree 63.96 61.74 62.83 46.11 44.79 45.44
GenDA " 64.26 62.42 63.33 44.71 43.49 44.09
ADA” 62.63 62.46 62.54 45.01 44.09 44.55
ATOSS 63.12 58.30 60.61 45.32 43.17 44.22
LCD&.CD 60.30 62.30 61.33 44.70 46.30 45.50
Chat-GPT 41.01 41.01 41.01 34.89 33.65 34.26

Gen-ACOS 61.70 58.96 60.30 45.22 42.86 44.01
Gen-CDPT 63.57 61.51 62.34 46.32 45.96 46.20
Gen-CDPT

R R ) 66.32 65.56 65.94 51.83 45.39 48.40

HAR K JF, 78 TC H 8 48 58 SR & 1 &L T . Gen-
CDPT 7E Restaurant-ACOS F1 Laptop-ACOS % #&
A bR T B BB AR A L) SI-T2S BEALEY F1 41
BARTHT 0.45 F1 0. 915 A LE T A SCE i A9 ik il 24
R RLLF1 A B8 T T 2. 04 A1 2. 195 5 2 /i ¢
AT Seq2Tree BB ARt F1 43 507 ML F 7= i B0
EERTET 076, AR E B, KATH N T
OpenAl #E 1 i ChatGPT3. 5 45 % 3 35 2 4% J&k 1Y ot
4R BUSCR

TES PR L g v AT T — R AR 1A
DU 5] A5 A0 o i PP SOAR TP OB E R . ALk
UL FATE T LR W 458 . { "role": "sys-
tem", "content": " You are a helpful assistant.
Now I will give you a review such as,“The ham-
burgers at this restaurant are delicious. ”where as-
pect is hamburgers, opinion is delicious, category

is restaurant food, and sentiment is positive. "},



1092 it =3 GilN =2 Eird 2025 4F
{"role": "user", "content": [HiA ]}, XH[#iA] rant-ACOS F1 Laptop-ACOS %5 4 - #) F1 75K

R S A IS A

T S A B, R R R K A RS
(1H D0 ST A A i P . X — IR F AN
T RKAE T AR L] 8 RN BV R ) T AR
B BRI ASHE R A0 5 RN R A A R I R
TR DU ST Y A i b ek, e T R AT
55 TR IR o S TR 7 P 0 B O 4 B A R Y DY T i
A S A5 7 DAl o T ¥ A R0 H 5515 8% Y o 4 4R AT
G55, X PR ER Sk [F AR A L S BT R AR R
TCA BT 55 B R IAR N,

AT LLE AR SCH D 9 5080 3 5 3R Mg 1 75 Gen-
CDPT #E B J5 bi i S6 Ak 1 F1 o3 7 8 3%, 43 5l
FETEFN 3. 60 A1 2. 20, XL ML T AT R
JUAAE

(D256 W A0 TR F B B R 1y 5 v, X i
Kk Gen-CDPT #4 B 19 48 7% 6 o 7w I 2k 1 £2
TN BEAE U R TP AN WA AR AT D TR R A
B AR

(2) 0y g —Fh N S HL 6T 07 1) i 28, 7 2 2T 3]
THREEZONM A AE B 5, i Y wr kS sh
(RIS A G A . 30k e A5 8  T Jm OG : % F pU e 4
$& AT B 28 B HT 2R B, DA i — 2D A 4 s
G T SR AR I

(3) JIr i 3 % 56 T o 5 50 80 1Y) 5 Y o R s
T IR 2R AR R F R A 4 U I DA
JoTH A B SRR . X — i R IR T A O KR
BT O Az AN ST K00 1) AT A5 S L UL M R T
X F AR O AR T
5.4 HBMELWER

R AE AR A IR U TC A SR B Gen-CDPT
KA 2H R 4 (B 5 18 2) o AR SCAR SR ABF 5T Gen-
CDPT 4T T3 fl 52 55 53 #r .

Hrp,-w/o CDPT /R B L F SCTERE J1 80
AT N AR R SRR AT B MBI, -w/o PFT
FER IR 7% SRR TS 0 R A L JHL A [) T i R AR
Gen-ACOS, HHRhZE RN 4 Fiw .,

x4 HEBMEWERFLFED
Y Restaurant-ACOS Laptop-ACOS
Gen-CDPT 62. 34 46. 20
-w/o CDPT 61.65 45. 84
-w/o PET 60. 30 44.01

LR IAE-w/o PFT 5 & A % S ui 23 s 1Y
B A-w/o CDPT B9 X kb, 7] DA & BEHT % 7£ Restau-

Sy FRET 1,35 F1 1. 83, X —BH ARk KB, 1T
PR ST AR R 1A A, O T AR R B
HBMARZI X S04 R 5 AR SO TN AR

FEXT L R BR e bR SCHE B I S BT -w/o
CDPT 54 SC#& W b F 3C 2 45 i 8 2 7 155 7
Gen-CDPT I, A DL % 3R, 78 P 4~ A [|) B4 0806 46 1
HI A0 T Gen-CDPT BYPERE S F K 1 0. 69 F
0.36, XFM s MK 1T SO B A K2
ST S8 8 B % 22T SR B R L A B T TR 0 4
TR DUITA . HAh, X — TS R A — B
WESE T B SCEh A HT 8 HE R GRS B AR A OCTE B Ie
R R D AR R SR A T 0 DU T 4 AR IO Y
FHNHTEE BN, DU FHRE A A IAICR
5.5 RIS

BEXF 5T 3 AR SCHR T BT SCah AR 4R s 2
15 BE A R TH B R U o 4 H B P g 20 i 4 42
AN ORTE s TR AL S s o i R4 s IR DL AN

A SCWE T I ZE 0 43 B S e 25 SR 18 7 s, B
F1 Gen-pfx /R E Gen-CDPT My IEHE LB T F
TOCHAR IR A A ESL AT A R B R, C 7A
“OX7 RN IE B R OR IE 0 T . X LA Bk A
Laptop-ACOS ¥ # %, £/ ¥ 1 , ol LI & #|
Gen-pfx il Gen-CDPT #f 1E Ay FU Il 185 2% /4 Je 4
SRIMAE )T 2 1, Gen-CDPT Y b 500 126 51, 3%
UEA T Bh 2SR 40T DL S50 5 | 5458 80 56 1 % U T 4
PEICE 2 B R0 2848 7, OF Sk i A= 5 24 | R
S UR 56 B A I U e AL . 6T A IR Y T
WL LK AR T 3, Gen-pfx EIHALE, T Gen-
CDPT 4k 2 {3457 XF 2 51| 5 R AR 43 WL T R 1Y 1F
T, 3 3R W AH LT B — A AT 4R R L B A R TS 4R
ANBES A RAR 4R BN SR B RS B A Bt
T o DT B ffy b 1R 1) R IO IR OT
5.6 BRI

N T G H R R K Gen-CDPT #: fiE 19 52 1
BRI 4) A SCIETE T A AT S50 A fn T

(T 28 B bR 28 E X L 23 B

Sk ZR GEVTA BT B 1 ) 2 A 24 R AL X 28 )
b2 AL RCR . FATTHE Restaurant-ACOS Fl1 Lap-
top-ACOS $Hi4E b3 i1 I IF B T 5 % 2 3] 4 ki i
B AT S as s el A T BT SO 2R B
BRI A FT BB (Gen-CDPT) 5 B — 5l 25 A 45 B
I (Gen-pfx) 7EAN[R) ZE 50 1 A 1 B 25 55, 16 22 7 Il i)
R BERT R (AE-ace) 2 )46 0 7 5 %R (CD-ace) LA
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#8)F1: The laptop is easy to use and just a bit more than a tablet .
RELEER: (laptop, laptop usab
Gen-pfiZHVFIEEER:  (laptop, laptop usability, positive, easy) v
Gen-COPTHYFIUEEER :  (laptop, laptop usability. positive, easy) v

lity, positive, easy)

#8)F2: This does not really matter to me because the mx150 is

enough for my needs.

FEDEER: (mx1350, graphics design_features, neural, V )
Gen-piSAFRMIEEE: (mx150, TRENEISMURIN. neural, NULL) x
Gen-CDPTHYFRIEEER : (mx150

#6F3: Consequently . i am no longer covered and my otherwise great

chromebook becomes unusable anytime the phantom touches appear . and
this leads to poor battery life.
FSCEER: (chromebook, laptop general, positive, great),

(phantom touches, keyboard general, negative, NULL),

(battery, battery performance, negative, poor)
Gen-pfizERFTIIEESR
(chromebook, laptop general, positive. great), v
(EESEEOSN. IRRTSHERER. o v-. 8. ~
(battery . FSHSNEBRERAY. necotive. NSRBN)

Gen-CDPTHIFRIESSR :
(chromebook, laptop general, positive, great), v

negative, -). L,

(battery , battery, performance, negative, N) v
K7 oy bl

RGBT A FE I F1 20 500 o 20 PP Al 46 A

MR 5 BRSO 45 R R W, AE 5801 23 5 A 2%
o BT A B AS AR AR R R AN B AR T TR R AR
HERNE P CH R BUT 5 A F1 A8 (+1.04%) .
TE 28 590 K6 I VA 0 B (1. 38 %) Ny T ) 4 BB o 1
(+1.46%) B T FB 8T, X HEERH,
Gen-CDPT #5571 58 43 2y 25 18 5 28 51l ) G AL, B
% TN Y b A B 200 07 B I R OT B DAAR S B R AR A
TAEAR AT IR OT R .

HART & 76 Laptop-ACOS B4 L. A& T
TR ST B A T A 2 ) B I M AR L A
A A FEAER G IR TE 170 A E . EHES
BT 8 2 32 BIL T XTI A0 25 531 1 i T R T g 52
DL FOA 1015 %6 B S HF — MERE 7 2000 o 4], 3L F1
DR — BB (Gen-pfx) T} 4. 42 N H
Gy, XEIE R @SB AR SR A LR
SCAF B BN AT 2 L BB AT 50| S A5 T 4 I 45 2 i)
RRAIE o 9% i A5 1< R 20 A [

(B 1 R 0 2 O YR TR S 2 2 AR & b i AR
PR AT 55 52 2% B B T BN 3. 4% b Restau-
rant-ACOS(E A 13 F 2L j#5 %) 5 Laptop-ACOS
(A7 121 FRZONARE B, BT 4 Hh 1 sh A AT 4411 CD-ace

x5 EANREESH

, e o 25 A R
BER 25 i Gen-CDPT  Gen-pfx A
AE-acc 80. 23 79. 87 0. 36
Y —  CD-acc 86. 39 85. 74 0. 65
Fihr F1 69. 94 69. 88 0.06
250 5 b 35.07%
AE-acc 84.19 83. 29 0. 90
#JT—  CD-acc 85.73 84.19 1.54
SR F1 70. 21 69. 95 0. 26
Restaurant- K95 9.19%
ACOS AE-acc 82. 50 81.98 0.52
k% —  CD-acc 88. 89 88. 14 0.75
il F1 62. 40 62. 26 0. 14
250 4 1 5.37%
AE-acc 82.29 82.02 0.27
¥ —  CD-acc 91.36 90. 05 1.31
iy F1 66. 32 65. 44 0. 88
250 4 1 2. 80%
AE-acc 53.50 52. 67 0. 83
LA —  CD-acc 70.78 69. 54 1.24
[igie F1 48. 80 47. 85 0.95
G 20.93%
AE-acc 54.13 53.21 0.92
Bih—  CD-acc 67. 89 66. 97 0.92
S F1 46. 50 46.11 0. 39
Laptop- s 9.39%
ACOS AE-acc 54.55 52.27 2.28
7R —  CD-acc 65. 54 63.63 1.82
Pig F1 43.27 42.03 1.24
25 5 L 4.73%
AE-acc 52.78 47. 22 5.56
*H—  CDacc 63. 89 61. 11 2.78
PEfE F1 45.12 40. 70 4,42
G 1.15%

BTN 1. 0% $E T & 1. 70 Y0, AH X 3G M K
60.38% , XEIET Gen-CDPT Ay XL HE fi v Hi—,
REIE o b SCRHURE HE 2 A7 A0 OC 28 0 R A, o Ik A%
G ETER AT T B RE = s H ., Gen-CDPT
15 B 2h 25 0 B L [ 38 N B 2 2RI 7R S
JE 20 4 0 52 2 26 S A 2 Ul 37 ¢ v i B A B iR 1
SGEBCRE T .

(DRI S

4 2L A28 R R T S B AT S A B RN 4E FE (Y 5
W, R TR AIRSE Gen-CDPT () P 7E 45 M, A BF 5%
3 2T 4 BRI 28 0 S O A AR R Y B AR e A T
T b e RRRfER 8 o ar fa R R A e
Laptop-ACOS %4l 4 I (% 38 8L, X N A7 3 (19 4 2
R, 15 @0 FRATE Restaurant-ACOS %4 &
P R B, X A i A B

G AR R EHAT T REHNIRR,
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WREMBRKE L BIEEA (L | L=10%xk,k € N A JZH T, AT e S 83 T Transformer B9 AR AAR Y 7

k<< 15} FFAE TS N SR AR 48 R 05 v LUTEA
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And I hate to say this but I doubt I'll . .
( restanrant general, NULL, negative, doubt ) 1 doubt it's what they call authentic .
ever go back .

( food quality, dinner, negative, NIULL )

( food prices, dinmer, negative, VI'LL )

If it seemed possible to do so while
there I would have fought my bill
since my dinner portion of my meal

was inedible !

Can’t even justify the S 250 I spent on this

dinner ! ! !

You will go back again and again .

No doubt you'll be back !
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Background

This paper delves into the domain of Aspect-Based Sen-
timent Analysis (ABSA). focusing on a particularly chal-
lenging issue-Sentiment Quadruple Extraction. ABSA is a
subfield of natural language processing (NLP) that goes be-
yond traditional sentiment analysis by identifying and extrac-
ting specific aspects within text that contribute to an overall
sentiment. The extraction of sentiment quadruples, which
includes the aspect, category, opinion, and sentiment itself,
provides a comprehensive understanding of the fine-grained
sentiments expressed in textual data.

Internationally, the research on ABSA has made signifi-
cant strides, with various methods being proposed to address
the complexity of extracting sentiment quadruples. Howev-
er, existing solutions often grapple with the limitations of
prompt design in sequence-to-sequence methods and the chal-
lenge of imbalanced implicit sentiment data, which can hin-
der performance when processing such data.

In this paper, we advance the state-of-the-art by intro-
ducing a novel Dynamic Prefix Prompt method coupled with
data augmentation strategies. Our approach dynamically op-
timizes prompts using adjustable prefixes and attention

mechanisms, addressing the suboptimal prompt issue. Fur-

thermore, we leverage large language models for data aug-
mentation, effectively balancing implicit sentiment data
through fine-tuning. Our experiments on two real-world
datasets demonstrate a notable improvement in F'1 scores, a-
chieving state-of-the-art performance and showcasing the ef-
fectiveness of our method.
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The project aims to push the boundaries of ABSA, facilita-
ting better understanding and processing of user-generated
content, which is vital in today’s data-driven decision-mak-
ing processes.

The significance of this project lies in its potential to
transform the way businesses and researchers understand and
utilize customer feedback and opinions expressed in text
form. By enhancing the extraction of sentiment quadruples,
our work paves the way for more accurate sentiment analysis
tools that can be applied across various industries, from e-

commerce product reviews to social media monitoring.





