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Aspect-based Sentiment Analysis Driven by Supervised Contrastive Learning and Prompt Learning
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Abstract ; Aspect-based sentiment triplet extraction is a challenging information extraction task in the field of aspect-based sentiment a-
nalysis. It aims to extract all aspect terms and opinion terms from a given review text and predict the sentiment polarity of the matching
aspect-opinion pairs. Aspect-based sentiment triplet extraction faces challenges including the complexity of multi-aspect sentiments and
implicit emotion recognition. Although numerous generative approaches have been proposed to address these issues, existing methods
still encounter two primary limitations:1) insufficient capability to capture fine-grained relationships between sentiment polarities and
aspect terms;2 ) restricted model generalization caused by homogeneous prompt templates. To overcome these problems, this paper
proposes a joint approach combining supervised contrastive learning and prompt learning. First, the method designs aspect-based
prompts and performs sentiment information masking to enhance the pre-trained model’s attention to aspect-related sentiment represen-
tations through contrastive learning. Then, it uses multiple element sequences as prompts to guide the pre-trained model in generating
various sentiment triplet sequences. Finally,a voting mechanism is used to select the most reasonable triplet. Experimental results show
that this method significantly improves overall performance on public datasets,demonstrating its effectiveness.
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Bt (“better” Fg AR, “ overpriced” R IHiR ) , X —E 4 T
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JRHE XM T ASTE REBEHTR B S04 1915 8% BT 1B R
R UL BB AR , T 5 T TR A0 DT 3R LS SR A S 5
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B B AR

R, AERKXFEMREERNERRR 5L BEH
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S5 ERERRAITESHXNBRGELS, BRES K&
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[The noise level was unbearable,conversation impossible.]
v
Fixed-sequence template
[ Tt is [AT] because [OT] is [SP] ]
l Paraphrase

[ It is Bad because Conversation is impossible ]

1 X
[ [noise level,unbearable, NEG] ]

Bl 1 PARAPHRASE i [E 5175
Fig.1 Fixed sequence in PARAPHRASE
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TR B 75 T RAIFR , A5 SCXT X B A\ HEAT I8 X EL 2
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ETHHEHRT.

R1 TP PIRE R T HE 5
PR R IRI Srom i s R ISR HESR
Table 1 Sentences examples and aspect-based prompts
derived from them fro pre-training enc-dec frameworks
AT WG RR

Fish was overdone. < aspect > Fish < sentiment > [ MASK ]

Waiting for the i7 was,
well worth it, great value
for the price.

< aspect > price < sentiment > [ MASK ]
<aspect > i7 < sentiment > [ MASK]

< aspect > people < sentiment > [ MASK ]
< aspect > Service < sentiment > [ MASK ]

Service was slow , but the
people were friendly.
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Fig.2 Multi-sequence supervised contrastive prompting for aspect sentiment triplet extraction
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AT NEG BiBAS Jy“bad” , Titn4E POS HRBLG A “ great”.
2.2 BEXEEES

AICH ASTE (45 88— N 45 M 40 T () &R, 3% 48
T5 iR E R AR N ET. I HE
FARRME B R AT, AU ET H E M RR R
SRR DA W RADES £ BV A B F 1 B F XRR
Wi S, A B W — A~ B T 5 E B8R R, 20 “[ AT ] service
[SP][MASK]” , %R J5 % 75 [ MASK ] 152 % & 7 T 1R X B Y
TBEBAR A BRn , DB 75 T 3] “ service” Xt B Y 15 SRR AR P
TR RSO FE[ MASK ] 7 B A= B 15 B nl B R AT 0B
X b2, AR R 8% B0 O TE R B 1 AR R AR AR B N
Bl , WA R R O T VD O 1 AR R R A DR I . 3 T
DRAERAZ HHRE R RGR T HABIGES, BER
T BT O T A Y 0 S A R

T VGRS RHEAET HERERR p, 4%
BB EARE o, NEEHET sen, HIRE 5 H R 1B
Fn. RE-NEFAUE SN TE,BHE (sen,,p;) RE
— R BRARE S, ASCHBIE R (sen,,p;) "™ x;,
FHAHDL BT ERT N v, ME 2(a) P, R 3CH Sk
AR TR A AR AR IR E T A E R, X
AR EFE - MASKIHRE, ZAFICHES T 5% 5 HiRd
RITERR. RASEE X [ MASK ] ARic 69 % B B T o B T 8
R x BUHERRDRERRR 2. 8 T HOR ) B X H iR
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1 exp(z; * 2,/7)
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v (1)

it 1P(i) la<Pln)
HpR5| i R AG) =N\ RERBHES M PIERT
HEAR,P(i) ={peA(i):y, =y} 5 i RFEK A IES (H
FERRE) NRSIEE A IP() I RS i RTR—BHE
RFIPE. - FERRAMRAZHAHARH, 7R 2T
BRESH
2.3 ETFHIEFIIBRTES

S TEMBROTE MBES], mE 2(b) fras, & 3051
AT ETRICFFIR A L. Bk, &3 #EHAFEin
R, FERAH L AR IC RS E N R A A T R AR 1E
JETTE , ARSCGEME DLO 7 B HEHRITIER ER B S
AZEHIE . 25 TR UL 1R A0S AR FOAR I 4 IR [ AT
[OT]Hn[ SP]. @ it B Hetmitt , & 3CBeit THRA BT R
A BB PRI R SRR (B, “[OT ] [AT] [ SP]” R ik
" o—a—s” TR FF). X EARTHHFIFR K p, , RFX
BAMCFFIRAEENB SN A T FHESR, DR REA
B x,. BE , A SCHAM M AT AT RR N2 8 TR,
HARBAERNHS p, WENTERER BIRFS. DREAH
FAEEZMERTTH , A 30K S BRAMC L SSEP | R ERE
11%& BB BARFES, AR 2R &0 BARFS v, Bk, K4
TR T U1 25 60 % A% i3 %5, 41 40 %1 A : Quick and friendly
service[ OT] [ AT] [ SP] % i : [ OT ] quick [ AT ] service[ SP]
great[ SSEP] [ OT ]friendly[ AT ] service[ SP] great.

ABIXRR, BT I RA AR THEETEN
A BUBE , N THE R AME R HESI RIS RIS B TAFFS
FEREE R, EEE YW ICIF EXEE. EH AR HE

FFUUE AR T IS LRSI T Rk R
B EFSI. ATRINT :1) R BT R BT A T REinic HE
3 p fERIBE:2) R E— M RA BT x RE B =4, &
SCHEHES p, A FE BARERK v, R RARIC R B S
DU SR M TII R AiE SRR RS SRR R B
Py, 1) 33) HHEARCHES p, ZEVIGE D LR P55

_ EDp(ypi Ix)
s, = Zobulx) )

Hes, IDIFRRYIGE D PREANEE. B HESMHETIN
S5, T VAR HEF ZE VI S 52 R R 4T, I HE Rl
n AN B0 B HEFIAE oA BB BT R MBI 5. X
oA B TG R B AL R], B e 415 B R B IR Y HE
BRI D> T oL R v ) A SE R4 R.

HEYGRE, A EFERICDFIIN A G REERAA-BiT
Xt i BEHE n NS, RSB AR n MARRINE P
M B SE—NRA B (x,y) , BIIZFEF 2 P35
HITE S BRI TS, 7] RUE TSR/ ME LT 52 0 SRR 0 26 R 3
F80A

INLL = —tZT,llogP(y,Iy«,x) (3)

Hep, T RERFS y KB,y <t R SSRi4E BAYRIE.
2.4 ZFF5IHEE

HETE B , A SCHRR VI 2R 57 B A= U BU AR 98 S BT 8 /8 1Y I
FIEREMER=TH. B TENMFIITRESENZ =T
H,AXERREMAERFFING R, AR ERES N =THM
e B — RPN =0 . BRI, X TRAEF
x, A SCHR R n A8 5E HERT o A2 BUB IR =0 4, HES
p RMFNER=THERR T, AP ARSI RENME
B=TeH. RAETTLUER U TEXRBBAREE R T :

’ ¥ ’ 3 "
Tipoder ={t|teiL=JlTPi&(i§’1[’3i(t) 27)} )

3 %

3.1 HiREE
7£ ASTE-Data-V2 $(#z & b Xk Fri@ 8 B 50 A 3. X
HaRIEEE A5 14Res  14Lapt™® | 15Res ™1 1 16Res ™! | 5 s
BEAE T HEIA . IAERR RN =THES. IR 2
&2 ASTE-V2 HiREMSITHES
Table 2  Statistics of the ASTE-V2 datasets

Datasets #S #T POS NEU NEG
Train 906 1460 817 126 517
Lapl4 Dev 219 345 169 36 141
Test 328 541 364 63 116
Train 1266 2337 1692 166 480
Resl4 Dev 310 577 404 54 119
Test 492 994 779 66 155
Train 605 1013 783 25 205
Resl5 Dev 148 249 185 11 53
Test 322 485 317 25 143
Train 857 1394 1015 50 329
Resl6 Dev 210 339 252 11 76
Test 326 514 407 29 78

B 1 4 AR U5 B AR BB O 45 R,
Fooh S T R, “T" H 3BT R, “POS” |
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“NEU” f1“NEG” 23 Fl Fem Bl A FIIR R = o R
3.2 BYIRE

FESLI R 2 TIRBE 2 A2 2R Pytorch SREFERAL. BIRIR
FA TS AOSERIAR A, TS5 BALR — 2 B R IS BRI D 25 28
1 SR AdamW RALBSRAARAARTY , 4 T By 2e-5, B
/NIRRT 16, ZFER 0.1, BESHBE R 0.07. 7EM#
BIETRNER AT ZER, IR ERERS. &
NVIDIA RTX 4090 GPU Il Zk 3B R 20.
3.3 iTflERR

KA ASTE {E4-PEREB B ARY 3 FHEM 1845 HER R P,
HE % R F1ERENER R Z W, THE2H AKX

(5) ~23(7) PR :
P

“TP+FP

_ TP
TTP +FN

- 2xPxR (7)
P+R

Hep TP i 2L E T B IERE AL R, FP SRS R T
FIIEREAS R , FN i BUK REIEHR T A9 IEAE AR,
3.4 xXfEbXE

2R SCRE TR BN AL T SRR B ) B R T AR
Ha. BRI R T IL.

ETE AT : CMLA 1 RINAME! B REA R BT H
TR A A% 18 7 5. CMLA + \RINANTE + £ Peng %!
3R U BECRE R AR , 330 Tk ok R T L LA A ) 5 R

P (5)

R

(6)

FETHLES PR 1k : BMRC R iy T — R 0 5
AT LS ASTE 454038 0 XU AL 85 B BE AR A2 55, X Rl
T3 13 2% B8 SO LR R B R SR B T 018 /8445 8. Dual-
MRCP M3 T BAHL 28 P SR B A1, H58 W B AU 4R A A
S ILE ) BERT-MRC B AR B A 2%

HETFHRER 1 JET-BERTH R — A 2 g ik, &
BIAT—#FHNNEBERARETR, ZERINEENFFH
P B {5 B SR 42 5 JF T 1R A 7 DL R A9 4R BUKS B . GTS-BERT
#% ASTE L4538 h— 1 PBIREE S, B XA FHEA 7
BRI S I RS 2 B % &. BDTF® 48
M EFTRAFARHN—NR R R Y 43R, I 4 sl Fn
% RX B ASTE /£45. MWWPT™*) £ F BERT &
WERZE DFHMEEIVLH , B3 AT I HEERHE
B IE SR IETE URIE, 3R AL R R R T A =0t
H 5B AR T

RETHEROBE GAS BB T —AET TS Bkl
R, FRLEANER Bfs. XFFEESEE BT S%E N
—AMEAAL AR PRI R SR AL AR R R, R E E
Bt R W18 R = ST 4. PARAPHRASE™! g#{{U% = 5T
BT REAALE B RIES B L. Seq2Path'* 4 B =TT 41 /F
MBI RE R EA R =T 4. DLOY 5@ b AR
HFIST T SR £ 5 BRI R,

3.5 LBER

ARSCELRIFI BRI W LB 45 R nR 3 P, Bk LA

SCELRITE 4 MR E LIRSS RIE T RELER. 5HALHE

#3 TEASTEEFM 4 MERE LITEER
Table 3 Evaluation results on 4 datasets of the ASTE task

14Lap 14Res 15Res 16Res
Methods
P R F1 P R F1 P R F1 P R F1
CMLA + 30.06 36.94 33.21 39.21 47.13 42.81 36.64 39.81 37.03 41.26 42.13 41.69
RINANTE + 21.73 18.75 20.13 31.41 39.44 35.03 29.89 30.08 30.02 25.73 22.28 23.98
BMRC 70.55 48.98 57.82 75.61 61.77 67.99 68.51 53.40 60.02 71.20 61.08 65.75
Dual-MRC 57.39 53.88 55.58 71.55 69.14 70.32 63.78 51.87 57.2 68.60 66.64 67.40
JET-BERT 55.39 47.33 51.04 70.56 55.94 62.40 64.45 51.96 57.53 70.42 58.37 53.83
GTS-BERT 57.82 51.32  54.36 67.76  67.29 67.50 62.59 57.94 60.15 66.08 69.91 67.93
BDTF 68.94 55.97 61.74 75.53 53.24 74.35 68.76  63.71  66.12 71.44 73.13  72.27
MWWPT 61.73 60.58 61.15 72.92  72.18 72.53 61.12 61.16 61.64 69.25 75.90 72.42
GAS* 61.65 58.19 59.87 71.08 71.67 71.37 60.01 63.67 61.78 67.76 71.67 69.66
PARAPHRASE * 62.99 58.30 60.55 70.87 70.90 70.89 60.80 64.98 62.82 70.35 74.04 72.15
DLO* - - 61.46 - - 72.39 - - 64.26 - - 73.03
Seq2Path * 64.57 60.04 62.22 73.28 74.23 73.75 62.62 65.48 64.02 71.59 75.41 73.40
Ours * 64.89 62.85 63.85 74.48  75.45 74.96 66.67 69.69  67.15 71.32  76.46  73.80

T = SURARE THERK I , BAEFIRAER) F1 205000 3 DUEER T RILIRE.

BIE B 45 R L, A2 307 $5 78 14Lap., 14RES, 15Res
16Res FiBE FHIE D FIEB T 1.63% .0. 61% 1. 03% F
0.40% ,EBA T 43075 kA .

FICREEE B R B TR BRI, M TR R AP RE R
ZR/ % BT YA S EME Y 7 i B T An i i 07 i e E
TTEERRS N, HAENRE THERERIFET THXT
RN BTERNTERAERSHAREEH
TR X, FTLATE ASTE {£4 B 3018 T BUF RIREE.

A ICVIH R EET 5 T YRR , 383 % [ MASK | & B2 1
3% A R 77 TG SRR 1 SRR A TRAT B X EL 2 ST R TR I 2R A
R TSR ER ETX - TE, EdREE
MRFIR SR, ASCH T BB T R SRR P50k 5
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Table 4 Result of ablation experiment( % )

Model Lapl4 Resl4 Resl5 Resl6
T5-SCL 61.43 72.81 64.78 72.99
T5-PROMPT 62.95 74.14 65.25 73.55
Full Model 63.85 74.96 67.15 73.80

RS RIR RS A R ANSR 4 Fn. Y Bl 4 80E
Bon , A AT MR X otk 3 ) TS-PROMPT L F 52 gL Ry
7E 14Lap BB LMK 0. 9% , 7E 14Res BB £ E K
0.25% ,7£ 15Res $UiR4E FREME T 1.90% ,7E 16Res $384E I
KT 0.81% , AN [F) B8 42 % 58 4002 BE 1) O TG 1) SRR i
AR EA PR IC IR KB H TS-SCL M L T B R A
14Lap $iB 4 R 2.42% ,7E 14Res B &£ FREE 2. 1%,
7 15Res $iB4E FRRIKT 2.37% ,7E 16Res FIEE LR T
0.81% ,BLHAFFIFFCIRR BB E S 092 I AR IR NER ,
MR AR BE.

3.6.2 BB kg

2.2 5 Frie Ry, A SCIR I T —ME T FEMER Y
B, ASCIR M TRV 2R SRR MG 4 T A0 1E SR A Y S T
U B EY R 2T ERBRATES . BT H—2 408
[MASK ] 7EAME S EIER, &30 Lapl4 $iEE N BIESE
H B , A8 SOV AR S A8 72 [ MASK ] fv B AR B 16 Rk ) B
HEAT T W X ELFRVIZRAT)S B9 t-SNE 7] $4k 434
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After Contrastive Pre-training
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Fig.3 t-SNE visualization
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Table 5 Supervised contrastive pre-training
method comparison results

Model Lapl4 Resl4 Resl5  Reslé
T5-SCL-SENT 63.45 74.05 64.33 73.42
Full Model 63.85 74.96 67.15 73.80

AWK Fl A REEFHERT 1.1%. A%
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T FEAICHY I IS A4S SR, [ MASK ] nic fE AR 15 8%
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DA B 75 T A P D B B R AT B 2 2 T B NE A
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HESEFHUB SRR N EFIBREFIIRREFH
F1 50 T e, RIS FFIER RAL B R 7% ASTE /£ 5 E
hnReE.
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Table 6 Comparison of single-sequence selection based

on inference scores and multi-sequence voting strategy

Model Lapl4 Resl4 Resl5 Resl6
Model-single 61.36 71.98 66.26 72.46
Full Model 63.85 74.96 67.15 73.80
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Fig.4 F1 scores of different numbers of

token-based sequence prompts
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Table 7 Fl1 scores of TS models of different
scales on ASTE tasks

Model Lapl4 Resl4 Resl5 Resl6
T5-small 59.18 71.26 61.05 70.15
T5-base 63.85 74.96 67.15 73.80
T5-large 60.44 72.87 66.47 73.76

MR T 7] LAMEE R, TS-base 72 FTA $iE & LB PERE I
F T5-small F1 T5-large , it P AL B AR 9 3 0 3 A B RH R
PERESR T M TS-small 2| T5-base , IREVSEAALIE AN, P RETE
REPBFEE LA BERTT 7 Lapld IR E L, F1 53
M 59.18% £ F- 2 63. 85% ,ReslS FiE4E M 61.05% R F
2 67.15% . X R REE L RIAALE)3E N, BB B 47 M mid U7
LR ERZ AR R, N7 ASTE /£ E RAELH.
A T5-base Z| TS-large , {2 5 FOAMAE HE— 3 i, (H B8
RIAHFAAE, BEZAFLEHEE EHRTEMBEN TR &
Lapl4 $E4 E ,F1 -5 63.85% T %3 60.44% .

Average F1 Score and
Computation Time on Four Datasets
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Fig.5 Comparison of F1 values and computation time of T5
models of different scales on four datasets
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