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Abstract

Structured sentiment analysis aims to extract all sentiment tuples composed of holder,
target, expression and polarity from the text, which is a more comprehensive fine-
grained sentiment analysis task. Aiming at the problems of error propagation, insuf-
ficient adaptability of prompt templates and complex composition of sentiment tu-
ples in current structured sentiment analysis methods, this paper proposes a dynamic
prompt learning and dependency relations based generative structured sentiment anal-
ysis model. Prompt templates are designed according to different composition of senti-
ment tuples, and templates are used to enhance the input of the generative pre-trained
model. Augment generation with dependency relationships. The experimental results
show that the SF1 value of the proposed model on the SemEval2022 dataset is better
than the compared baseline models.
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[Some others] give [the new UMUC][S stars] -[don’t believe] [them ]
A BiTEY M FR W Fm HiZEY

B 1. SR B

1 5§

LEF LI B4 1T (Structured Sentiment Analysis, SSA) (Barnes et al., 2021) 5 7 HUC
KA ERERITA, BREOTH BB RS A & (holder, h)- HPIRHFEY(target, t)- W H K
7~ (expression, e)F11F Bt 1% (polarity, p)fIRL, HRE ST 1B RFFE & X BirEYRENE
JEAR M, HAE B R SRR R R o LB B TR 1R o FEECT T
i, SSLERODAT N THIABROTRE S AR, H HExr a0 B irah G A
i, T ERAE R TR B2 BN R A7 T B P AT A -

LB T RPN AT B EFEENE L, BB E, LB Ras i
BEWS B SR A R AR T HAF B RE R ME RN, SNBUF TIRRE, KL A
WEEH—ENEL; B GSTIRSTL b, S ERITRED B BhiRH & 28 FH o 7 S el
F T RS T B R T & R AR SRR ), 6 B B Bk e s EUIRSS R ML A A T R
HIATRRTE S A ER -

H B E S5 10 L 18 R M A BT A B B A 5 1% - PR SR T E A ey
%o (Barnes et al., 2021) 5 (K& M R A LB R sk RE DRSS ZTTERN
RFETRIERRT A, B 5 TR EEN N RN ZERRK AR . (Zhai et al., 2023)181F
HBUIHBROT R PR ANE BT R MR 517 B R R IRE AR R B ROT R A 0] T RS E R
Ao FFABRE T A IE H AR E BT ER SR — M BO B ROT R T A, R R S B
R 5% 22 HIWT R R0 58 — B B RN RO IR BT 2R Z [R5k R AT HIWT (Poswiata, 2022; Barikbin,
2022; Anantharaman et al., 2022) - A BT V5 3 220 1 @ e~ R B R 45 1L 18 By
RS ER N FIN IR B SOR A LSS, B RIES LT B T 55 Fr A A il = 5 T /Y
FNEMCR A A ELER SORFPS, WA E A B ROt R AL E R 5| 508 A R R R 22 O R I
JLE U (Morio et al., 2022; Raghav et al., 2022)

ERTTERREGE BRI RS LG T —EWEg, HEFEEUNR-E. (1) B
DT ITERN R AER SO EER S ER, KRR R IRHE T B RV G E R E IR
W (2) FIIBNETNEFARRGBEMEE,  (3) AR &R BRI A AN E R
HIFPS, X TFBROTRZBIRR AANGETE 2R, T BB ROTA M A R A B OLE R B S )
SR, A TAEAL X 0 A F T LR B ROt -

LEFILIE B I LSS HIEIR R E BB OpeNEREN ~ MPQAFID Sy, %, HUREE LIS
RNEMINERBOTAH, EHBRFAEEEN T AR REER D, mHBEREFYRHEEANK
TMAFREE, MEREDRIRAS . BRIKZIN, OpeNEREy REAFHEZ MERTT
H, ZOIBBEPINENHBROTRNES . FHit, FORRPHEAERNREE (1) TEIEROTA
R (2) BRITHRIM R ERNE -

B0 ERBH TR R R IR IEAEIR AR, ARSGRE T E T ISR S MK R R )
ARSI R AT (dynamic prompt learning and dependency syntactic relations based
generative structured sentiment analysis model, DPLGpep) ¢ R R ET ST AN BT A A
fERRREN, FF BRI R R BB & s T SRR rh e iR B I BE - AT BT 5T AR
T

o PEH TARIEAEIE BITAEM AT B SRR AR B EAR %) 58 BE A5 B U TT 2B AN B
SEHUEE )
THES: AU EERNR, MamiE, M5 EEBEEAERAF -
©2024 FEVREEFT ¥R
RIE (Creative Commons Attribution 4.0 International License) ¥FA] AR
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H = B RITAE D HIT RN ENCR B L 9B S B /G AP

o fRH T FFRREBUE SRR IR M AR T AR TGRS TE RO, S 9R T SRARBUAE TR IES5 £
HaFSINAR

o M T HMKAERASTNEIRE & KT KR E AN HROTR Z MR RER, SLH4S
REMBAKER AL, BEMREIR, WTRERRERIBERITE ARG
AR5 -

2 MXRIE

IR PR SR B E IR N E Al i R — MR ER B, X ROR
FRAPE - E, FHIIGESEMF AR LB E, NMEEIR
K Hy (Liu et al., 2023) » fEIERZEIIH, SRRER A E B TIE, AR
ERMEEARANE . BAERNEX FZAEZRESAMEHEN, BRESAERERS
TEfe R P H—HR AR, XA B R E A AT SR B U 45 S T E s, i XME=C
AR R E RS EEBUESSH, W0%T “Readers think the book is boring” #HATE BT, &
TH9&7R “The book is [MASK]”, H A [MASK] AT ELFHM ) PR 2% T Hif 25 e B ) 2 78
By NF)F A B PRE R Z B — A ECE R S TR R, TR SO A B S5 AL AR Bl AN
BERAES T EA, WYLESENE TR “English: [X] Chinese: [Y]”, HH[X]ZHIA
MBESCA) T, [Y)RARE A B A SO B SO o AR SCET S NIRRT, 5 T X R 58
TEAER A HRRENR, ARG AR RAR, B RERS WA TR T PHE RS -

A BEIE AT 71 A AU B BT T R RN, R SR L S S O R R
FEBNFR RS B A B A BATES, SR I A AR B TR SR AR 1 R AT AR 5 B2 A R SO
AERUES - BREH P BRTFIIERMER: —ME BRI SURFIIE, B A
TR BRI SETERARGENBROTR UK, H—FEE8n BRES AR v
G NESRISCRFIIRAESLITHEENEA, NTENABRES R EVRFII AR
AT (Liu et al., 2021)7E 7 R AE RS HTES (ACSA) ST HREFT AN
PORBER, B ESEH N BIRES ERIES - (Zhang et al., 2021b)# H B 224 A BT I1404
BN AT HRIEBT R NINER, FEEBNEM A FERNREE AR BRAF - (Zhang
et al., 2021a)7E /7 HH B TTATIMAESS F % 1T BRIE S A FIE A RREER, AUA] LIE#
RRIEFEROTE, T HMREB RS A BRES AR ETIE LEE - R LA Al
7 A P R R N R AR, ASCAE (Zhang et al., 2021a) FIFERH_E3R H B SRR B -

R A BG4 M 7 B AT G 2 () 25t _ B8N AR B8 A B FIR T
REEFI B BTSSR BRI, BE R T SRR R B A F R M1 B RIGE ST, 1R
FHEAPERE (Sarangi et al., 2022; Yu et al., 2023). (Sarangi et al., 2022)7E45F1L 1B B BT
£, HBERT (Devlin et al., 20188 AR B A G)F /) BN 3CERR, RIS 51 28 F0
T2 P 8RB A) F BV SRR, B R B F SCGRARFIE SURFIESH AT 9FEE . X FhE & IAFIELL R
FABERTIREUAI L N SCERAIRIRE T, o (Yu et al., 2023)7E /7 H KR IH BT ESS 5 IR
HPRHR T R R BN BN A BTN R 2 rp, S EE R M4S (Velickovié et al., 2018)FKBUKFF
FHER R, FIEHABART (Lewis et al., 2020)FIgwid sy KBUR A A FHI_E T XFRR, REHW
FREFAESR A [ THEALEIEATR G o RSO [FREE AT TN R R ST ZRIEZITS (Raffel
et al., 2020)HfTRELA -

3 R

RIEAT I D PLG pep SRR A G MR BT 3 S5 /R 2 >] B SR AN A S sk
FEAE BB AR TR f) A\ SO ) 6 & BB BT A A8 6 B FR 7R AR, E AE S BTk B )
ARG FRIMAERFE, SR @& 7 R R E A & 81 A i ST SR i .
3.1 ETHhEFRRZES WAL RER

AR R B FE AR R — N YR B B RS 2y 2R B AR A N TN SRR A TS, F N T8 B TS R
5, —WARFIRORMAKLT, B MERA KA T 0 & N RTEEN B
W o BFRFIEERTT 1 T B PR A 5 N AL B AR 2 A SCR RS - G 27 5 A\ U A)
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_______________________________________________________

Tuple
h: NULL t: coaches
e: great p: Positive
4
It is great because coaches is great
_______________________________________________ 4
i PRI S i
, S S |
POS, 54, o 1| Jan
iPOS Cha S
POS;
POS,
POS;

i POS, POS,  POS; cy POS,

POS;

POS; 4

i The insight coaches were also great [SSEP] It

i is {polarity} because [target] is [expression]
*

______________________________________________________

The insight coaches were also great

lgl 2. DPLGDep*EfI:U.

T “The insight coaches were also great” £ & fBIT4H (NULL, “coaches”, “great”, “Positive”),
MR IXMFEIT A G RN RN, Red A A F R R AR 6 FH “[SSEP)" $H 82, 152 %
NFF - 98GR 16 ROT R E I BN TR /R BOAR i oxof B A9 A7 B A5 2R T B th 1Y B AR 751 “It is great
because coaches is great” -
AR AR TE A [F1E BT A B sh SRS AR, B DL R I OT A A U ME BT
FHEFAERS, BT BRI N -
[h] said [t] is [e], [p]
B hFErERSEEE, RRENEY, R TrMERER, [p|RaE B A . S
EOTHTIERSFEE RS, BTN R NN -
It is [p] because [t] is [e]
YERITENZER, EHZE A RO NIRRT -
IO AR EY#EAT RN, aniR BRI e AU, IR H AR Y TR B AR

a-{8 07!

& AR 2 AR (Positive), HPE(Neutral ) FITH R (Negative), B ¥ 1E B EE 75548
NER AR & BIRNETRIE, TAENFRTRER T, FBAR A7 5 78 4 A8 LA
BWARE, BT AR SRR BRI AR P By m] LSRR N R RERTIA], FF BT STAF B B L 75 2
B RANE AR - BB RBOTE S IE BT B FAERT,  TEX R 3R R 5 R P B Bk 5 1o A2
N

objectively, Neutral (2)
dissaprovingly, Negative

satis factorily, Positive
[Pl =

LB EE DR, XN AR A B AR BRI AR N -
{ great, Positive

[p| =4 ok, Neutral (3)

bad, Negative
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WREMAEAFEEZNBREICA, B2BREANHERBOUEE K N H &
Aly;, FFEE [SSEP] "5 H bR & A2 4T P 43 1B O WO 95 1 A O B A0 B i Bl Target =

IO RE B PR IE BOT R R NESER IR, ASCE R N SE AR E O A PR AT
5 [SEP] "t PR, UKD EREE R HROTZESMAELNIFER, LA EEMN SR
BRI, BAERA G B INR MRS - BHIERITHSME N Bina) 7 DL T E
SBRBOTRMEIFEFIIR 1R - HPmAGF1ITEERAMEREICAE, F—MEROTH N
BREOLRMILA, B NERFFEE N ZMIRROLA . WA 2R IERFFEE M HIREY

%

R NA]TF3F R T AMENEL I 5 R 7R [ “definitely going”, “again”], FEFZILH

BArA]FI, #24LH “definitely going [SEP] again” -

AR RA BN 2]

I A\A]T1 | Clean sizeable room with good facilities in the part of the hotel we were in .
1B ROTH h: we, t: facilities, e: good, p: Positive

Hira)+ we said facilities is good, satisfactorily

(R h:NULL, t: room, e: Clean sizeable, p: Positive
EliGIEy It is great because room is Clean sizeable

BIAA]T2 Bit pricey and but away from center

1B ROt h: NULL, t: NULL , e: Bit pricey, p: Negative
Hira] 1 It is bad because it is Bit pricey

N3 I'm definitely going there again whenever I get a chance .
1B ROt h: I, t: there, e: [definitely going, again|, p: Positive
H¥ra]+ I said there is definitely going [SEP] again, satisfactorily

® 1. Birf i@ mEEsg ROt A0

AT B AR NI B BT R B AR Z R H A7, X R A I 2R =
SRS ERSTRIE RAW RS, I B HBEBERE BT R B A 7RG LA 6,
R, FHRRERR IS A AT REEEA R, SIIFEERRELZNER -

3.2 AIESHTER

WEXRITE: AXHFAMERMERTIKGEXRR, MEaAGFHEHAES L
HStanza (Qi et al., 2020)# 17047, KB G FHAEREEBEAEIRME, IKEXR, L4
., BESPIRERRA=ZTTH, REWMBIKERXRANAELEEA ¢ R, HETEWA
AR, FEEBNE, NFAEMIERS T ESRHIE, ACPRER R REFAERFH
HI“root” K F&, WKl 3, “hotel” B A FHIMKF R RBUIRT &, HFAAPEEEFI0, index)E
~, HErfindexsE “hotel” 7EA] FHHIM BRG], 7EE 3FindexHIENT:

A”{l,ﬁmZ@ﬁWﬁiﬁ
1,0

0, 1Ai,jZ A TCHRF R AR
TRRFMERR: 0 SRR 2 A B AE R OR, RIE eS8 80 a) 7 B9iE
P = [posi, posa, poss, . .., pos,], HAposi BIEII— R “root” 19 N R HTAE, il 3,
A< pad >"1EH “root” WITATE « /I BTG L — 1 Embeddingpos. HRIBUATERIFFAEFR
TR o
(5)

(4)

EP® = Embeddingpos(P)

Hrppros ¢ Rrd, n @ISR THR BERIRAKE, dFRREAITSRIZER .

WA FFAE AR B 7 ST FH TR 8 ) S8 GATAR UMK A7 R A 38 7 o 3] 2 i A AR
NGATEZ (77 S FAE, A R R AR R FEFFASC I RS E B T - GATEERUR UK A7
FHEFR R R

hiy1 = ELU (aihy W) (6)
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compound

Root Tulip Inn was a || good basic hotel |

7

MR WAAR  HEEY
B 3. A7 TS

a; = Dropout(soft max(e;)) (7)
e; = LeakyRelu(hyWial: d,:] + (hWiald :,:])T) (8)

HABLUNBIERE, h € RPCNFBIZAIFENAMFIER R, W e R, q € R?X1, by =
EPos | EE N2 . HCATER G —ZRREFRIEMKFRHERRE™P

TN R B T 5 IR S A 2 1) 5 035 6 i A\ B Fa FER R IR Template HH 12 2 5 BIF 51 HY
B, P Agmhgester H AE URFEO coder M :

Oencoder = Encoderps(x + [SSEP] + Template) 9)

AR T RS E AR IR B R A A AL 5 TH R Y B G 5 23 O % ) Ocncoaer TEIEZN B R AT BERT —
B, AR R AR EFEFE R A KT SN R, SRR AR RE E . 1R
FERH HIT5 Ftokenizer) “< pad >"FFFRFAF, £ BAEEPFFIGFILE BAINTSEEL £ oR P 5]
TGS R AVFFIRTF SRR, 7ET5-basef@BLH . JFIRTF SEIN N “< pad >7, GERFF5EIN
He< s >7 o BT AR B8R Fadt AT e #e:
E = Embeddingrs(< pad >)||E%*P[: =2, :]||Embeddingrs(< /s >) (10)
3.3 FFEELE TR
I IAERARTF R R FFIER R B4 5 TS50 H Ocpeoder FEATRIE T T UFRIEL G 7720, &
FEEEMN, PHE, TTHENLH (Yu et al., 2023)F1I58 XEETT -
BEAM: HTER LRI RO BB AN TSR RGE /AR, BT LEEAE
TEHEIE EATATHY, TR TTECR:
H = Ocncoder + Edep (11)
PHE: BHEH Ocncoder TNEPHATHIEE, NGRS 2ERZE, NHHEZ FEHRRHITHED
USRI F R EEER -

H = [Oencoder| |Ed€p]thms —+ ptrans (12)

FIERLE] X OTIRBE AR YR dn i A H YL N SRR B R BIRE RF R A, Bk
B T — NIRRT O encoder HEATHERERGHE , IRJE (E FHBGE RBCRIEINGE(E, W KFHFE
IR, SRIG 5 Ocncoder IR ZETERE -

H = Oencoder + WOEd@p (13)

HAW ¢ R,

RXFERN: BICE REERFREFEECr 5 Gt 48 & H ) BT SRR Oencoder 3 AT Bl &

B, BEYPTIO pcoder I EE N Z B S RER, HE2ZEERZ XN ER T ZJE R IERR

5 Ocncoder TAERRERE, FrAFTREZOMER — L NIRRT KA, MIREEE, FrER
XEBNAF, FOencoder ERNEW), EPIERBEFE -

H = Opncoder + Att x E9°P (14)

Oencoder * (Edep)T

Vd

Att = softmax(

) (15)
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3.4 LB

Fefl & Z S RFIE e RoR, TR A8 Z B AE RIS R -y« R0, AR 2 AR L) =4 i g 1 )
Ry, T EHE T My TR

y; = Decoderrs(e, y<;) (16)

TRILINZRASS SR FH B R ASRAG T, W THRETY )y A5 51 A0yt 3 271 a2 IR0 31147 B3 7
BREVRIL AL

mgxxlog folyle) = Z ;.1: 1 log fo(yile, y<i) (17)

4 THEE
4.1 FUESE

KXAEOpeNEREN (Agerri et al., 2013) - MPQA (Wiebe et al., 2005)F1DSUnis (Toprak
et al., 2010)EHRE LHITEE - = MEURENSITEBEWR 2R -

BiEE AT BRFEFEE BWREY MAERrR BEWE
e 2253 63 806 806 806

DStrnis BESE 232 9 98 98 98
Mg 318 12 130 130 130

% 5873 1425 1481 1706 1706

MPQA BuEgE 2063 406 494 570 570
MaisE 2112 434 462 518 518

E 1744 266 2679 2884 2884

OpeNERpy UUFE 249 49 371 400 400
M 499 98 793 865 865

* 2. HHRESOTER

4.2 ZHERE

DPLG pe, (8 F 1A B TR E N T5-base, A SCIIZRES batch sizei% B 716, epochi%
BEN20, EIRITEN3e-4, WEBIBANATFTHRKRNEKEN128, BAILERE J768, TR H
FULERIS RIS « FEANEITIEE LI, O FEAN IR - T SRHIERS B - KRR
TR DA IR & 7 R E . BT AENVIDIA RTX30904% £ Fnsillgk, 2 50E B 367
7N o

ZERA ZH1E
Tl sty T5h-base
AR KE 128
TR Rt AL 4 5 768
SREEHRER /N 128128
TR 768
GATZ%K 2
GATHJdropout 0.5
TXFET1L5 8

* 3. ZHE
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4.3 FHEERA

S5 HIEII D P LG pep #EATX LHURANVE B AT AY P51 PRI AT AN A U

B 4> HT#E A . Graph-parser (Barnes et al., 2021)7& 454 10 1§ B 55 M7 4E 55 ) 2 &
B, USSA (Zhai et al., 2023)7EGraph-parser i) E:fitlh_F IO DU TR £ TR £ 16 R OT 2R A B 28
[] 0 -

FFHIRRMERAY: SeqL (Anantharaman et al., 2022){GEIMZEBILSTM (Graves and Graves,
2012) B LI P F AR I B EROT B K R AW AR, TBST (Poswiata, 2022)8 5 f# F &
T Transformer (Vaswani et al., 2017)fJEER SCELF 5 bniE, SR J5 fF FHHR-BERT AL #1715
JETTRZ BIHIR A -

ARFUREEL: GenA (Raghav et al., 2022) E A HBARTERZA! M A G FAERBIFRITRER
51, SeqGen (Morio et al., 2022) 1 FT5-large® 2! M i A\ A F AU B RSB ROTER, DA
B HRKIEF A Llama3 2700 9772 -

4.4 IR

TG WIE R AES T, H T VR EEA T 515 BOoT H R BE . $2 08 A B R
E|F1(Sentiment Graph F1, SF1) (Samuel et al., 2022){E N IEfEFEFR, fESFIAIITHEF, —
MEBRPIREFI R E TR B IE, BN BT EROT R SMEE RIS ROT R Z A H
SHIAENE, REEERFEE - BMEYANAR T = MERTTENERNFHEENS
AT BT I E(E -

5 SR KT
5.1 KEIGEHR
Higs
y y
*ﬁi ;éi OpeNEREN MPQA DSUnis
Graph-parser R N 52.1 12.5 20.4
USSA SR LIRS ; 30.5 33.2
SeqlL T N 32.9 0.02 0.06
TBST FPHIRET I 67.0 32.6 39.5
GenA 62.6 32.7 33.0
SeqGen ST 67.1 40.9 40.5
Llama3 ERATTIR 18.3 0.1 4.9
DPLGpep 70.4 43.3 51.6

# 4. DPLGp., SRR (SFL, %)

# ATEIR T DPLG pe, 8B 5 B M TVERIN HEE R, DPLG pe BB 45 5 2 725 P HE LA
FHPPFIE . NEFFTLES], AR MRS CASUEREE T &, I HER
AT EMR T B 5 R R FIME T B S B Bt Re - R 7 EF A LB RN 1%
REMEITT 2 SEUREMTRESERRKNERE, EPUSSAT AR REIRESETIFROTE NE
LLAEE MR, AR T Graph-parser JIERARA L - EFIIIRETEF, 7T LIEFNUY
i ABILSTMAE A 17 s RN 5% 3 AT 7E G5 A AL 16 B A AR 55 R RORSCRAN TR, T o a5 A 731
YIGRIEAY AT IR K 3R M B AL PR BE « TR AR T S, M T Gen AFISeqGen 2 H i
BRSO R BN EEE BFRFS, AR H D PLG pe R BIRCR T, UERA{E FHsh 83
AR, BRI RO R IR )G 58 AT LIS THIA 22 =) 21 BE 2 i 451 (L IB R AT B EaR,
M SeqGen /7 & # F BB A T5-large, M T AT A A PITS-base, FETRHITIRHE L -
VB TR B 50 FH Llama 3317 700 AR5 R b g 25
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s A E
lj : =1 A SIZ A
it FHIERA 77 20 OpeNERgny MPQA DSy FIME
DPLG - 69.6 42.1 52.2 54.6
B 0.2 0.0 0.0 0.1
Pz 2.9 0.4 1.3 1.5
DPLGDey  sryit2 4y 69.8 430 493 540
WEEGIN: 70.4 43.3 51.6 55.1

5. FHERLE TSGR (SFL, %)

5.2 FHERA A AER

AR O REFIE S dtid 2 i H 71 R SCERR TR & 10 7 AT T FLEGIE
SR SGERINE 5FTR o HADPLGEAEIERIRDPLG pe, TH AR ROBAL . BRI 40, 4
R TN AR f M e BT, A B AL R R AR & 2 T5-base iR AU s 1 AU 4
PRHEZE = A B BN o (8 B BN An Pt 7 SRR p M RE RN 2 R R, ETSEAIH B4 E
SEEMBENGER, KEEEFRASS5HEESHAMENELR, TUEEZS TR E
FEORAE, PETY TR BN X LT g iz, FRE S EUE BRI -

5.3 {HRESEIRSEER
R LCE S

OpeNEREN MPQA DSUnis :Figﬁ
DPLG-suffix 65.0 33.0 39.3 45.8
DPLG 69.6 42.1 52.2 54.6
DPLGpep 70.4 43.3 51.6 55.1

6. THRELSEES(SFL, %)

I DPLG pep B HAT T IHRISESS, JIE& MERIER, EHDPLG-suffixi&E 8 #oR
FEDPLGpep &R L, AIMEAERFE, RIS 24 R A0S A P31 o AN ISR R R D e
%% NEFATLIESR, ERIRERBINEIEA TR, E= 18RS LR E R
RTr, VLR G 2 A BTN SRIE R B A P81 o AT ASR RSB SR 25 F (L 15 e o)
PriEsmfE e, BRAER S MEROCRE B in )7 EE LA T . MAEDPLGHIZ L&t
MNRTF R AR REF Prie T, WERA UOGE L THEA FIE R /7R B I ROT R PR RER 75
’m, B A HI R T R TI 2R B bR S 5 LR R T RS I ER, R A)A
RIFRARBEB I X IPESR, FREEEXEROTE Z KRR

5.4 R

TEARTIN DPLG pe, N 45 5 S DPLGTRIN )45 A TR EL . 413 THT7R, DPLG pepf&
B TDPLG, 7] LU ERIT R RIE M R R T A E LA B PO AR A IR R B
T BB ENER F - FEREGILT, EADPLGIA MK BREY i, MR EEREZE.
RENS IR IR 2] “really great” FTEIHII“it” JTLE - ZEFEFI2H, DPLGHEAY O S vER AT 21 55—
TEROTA, (HETN S~ MEROTER B AR 1 8 £ B E 7L “everything” I, T “had
a great time "{ENEIHE, MBIKEER, HP X RERE ‘great” X T “time” FE, BT
PADPLG pep FT LAVERA FO TH 21 35 > 5 BT H - ZEREFI3H, DPLGIREI AR IR R E A
A LIVER TS A () = MERTTA, DPLG pep T RIAIIE S AT AR BE 05 35 B T SRS 28 4
K “Clean” 5 “Hotel” (K R - 4% LAIAN, fEDPLGHIE:RN AN ANE S HTIER, RS A FH A
SR HUNGEEE FE T N #IR S| — S R E AR ROTRIATAIE, b AT LLE AR R AR5
TR7 s R ROTH R RTINS, W B RTEN T ROT R Z R R R AT -

"https://github.com/monologg/R-BERT
https://github.com/meta-llama/llama3
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FEBIRIR FEBI SR

R For people who \‘Nz‘mt some rest and relaxatio it is really great . [(NULL, it,
really great, Positive)]

For people who want some rest and relaxatio it is really great . [(NULL, NULL,
really great, Positive)]

For people who want some rest and relaxatio it is really great . [NULL, it, really
great, Positive)]

DPLG

DPLGpe,

FRTERER2 everything was quite good , had a great time ! [(NULL, everything, quite good,
Positive), (NULL, time, great, Positive)]

everything was quite good ,had a great time ! [(NULL, everything, quite good,
Positive), (NULL, everything, had a great time, Positive)]

everything was quite good , had a great time ! [(NULL, everything, quite good,
Positive), (NULL, time, great, Positive)]

DPLG

DPLGpep

Wonderful Hotel , Clean Friendly very spacious [(NULL, Hotel, Wonderful,
PREFEFI3  Positive), (NULL, Hotel, Clean, Positive), (NULL, Hotel, Friendly, Positive) ,
(NULL, Hotel, very spacious, Positive)]
Wonderful Hotel , Clean Friendly very spacious [(NULL, Hotel, Wonderful,
DPLG Positive), (NULL, Hotel, Clean, Positive), (NULL, Hotel, Friendly, Positive) ,
(NULL, Hotel, very spacious, Positive)]
Wonderful Hotel , Clean Friendly very spacious [(NULL, Hotel, Wonderful,
DPLGp., Positive), (NULL, Hotel, Clean, Positive), (NULL, Hotel, Friendly, Positive) ,
(NULL, Hotel, very spacious, Positive)]

# 7. DPLG pe, SDPLGHUN Z 5%

5.5 BRAEZHRIE

NIUEASCSOT AR (e, BOME I T BEREETREE, BREEHRFEL - H
PRI~ W R ANE BAR N B2 R R A OpeNERE Ny ~ MPQAMID Sy, X EEELHE
BH-PRFEFE, MERZHEERSEENZ, FTUAEGE BIREY - W R RoRFI1E R
WHERIASTE-Data-V2EFEE (Xu et al., 2020) L FFFTRIMOSEES, WHEMGZ (1T I8E -

LB . 5DPLGp Mt E: 2 15 5 H Paraphrase(Zhang et al., 2021a)-~ BART-
ABSA(Yan et al., 2021)~ Span-BiDir(Chen et al., 2022)FICONTRASTE(Mukherjee et al.,
2023) -

BaA 14Lap 14Res 15Res 16Res
BART-ABSA 58.7 65.3 59.3 67.6
Paraphrase 60.4 71.5 62.1 71.9
Span-BiDir 62.7 74.3 64.8 72.1
CONTRASTE  62.9 74.0 66.1 74.2
DPLG pep 66.2 73.1 64.8 73.9

% 8. MAIIEASTE-Data-V2EUEE RS RN, (F1, %)

MESHFLIEES], T YHIAEASTE-Data-V2EIEE LB HER, DPLGp,,HFEN
HEAFTFIERVERE, BT DUR SR B —E iz (L RE

6 RBAS5RE

EERT = S A AT AR S5 TP T R T IR R R IR IR AN BE (R, AR T & T B
ASTRR 2 ) AAE R R E A S MR R T ETIDPLG pep, A4 AEURLER A AR 915 15 1%
TRLH BIRE AT LB AR BT SRR AR, FF R SR s ARG I 2 ey A\ ) ) T D e 2526 T
HERAUTHR R ELZHEER - T EUNERETISGER TSR TN B 55 451 1018 B i
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S5 Z 1A 22 F A s R R R RAR ROT R Z A X RIVAE ST, A A AU SR AMNAN IN A7 0 A A
B, CREANE TR SR B KRR AL & B PO R A, BT RER B3R T - LRSS R B
7R, DPLGpe,SERIMEREL T Bra o U IR, 3 Hasid RO A, AInaiE
B, BN AR B U R T T B ) iR B — e R Z B ROT RS T IE, LA]
DA FAHCTE 5 AR 2 22 R ROT R R AT HMIE -
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