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STUR AT AT b A B T SCAR B A B H b U b A B Li % N VI T T R A A A5 Y 4 fr
BR2E B R A CRA ARRLE TR (Y H AR s, AT 58 s USRI R M. D7 i mT ASE s RS T H B 4
HHRE A e 1 5 19 ] PR R, (EL A I A0S ) e G 5T R A R H AR U A Y 2 AN, B SCAR T
MANET, SRS B, SCRRHIE S I US0E [7) 4. DRI, A — bR T LLM S 8 5 i 7 ik, il &
HEG1 T LLM ZE B H AR U A b2 2dis, (R DRk A st (1 2 FEE AT 1

2 ETF LLM SHIEERNESSRBMHERIBERD X HE

AR S ZHA SR B LM H08 1 50 9K 5 1A 5 A0SR A1k 2 5 SR 0 W T 0% TR SR 1 D B e TR M 4
BTGRP HTAESS, S EMIGE TR 1E A LG LLM 58 B H bR O S A BT 555 28 2 20, 424 H Ar sl 5
VRATUSAUSTAR,, SR HURE B O i) SCAS A RS 1A]; 55 3 208, Tl 1R 3Cee 2) 07 3, BT oRBIREAR, 5] SRR A8 A4
SRR OB 3] 51 A R e 0 A B AT AT B 28 SCAS KA, AT gt e 1 o B el ik = il R, DL T U A D
UK, RN UE AR Dy H AR U, WIASCTETRIE A 3 Frs.

(@ +N7
+N yF | hope you can help me to solve the aspect-based sentiment classification task.
71@72+"r The labels regarding to the aspects are only in positive, negative or neutral. (d) +0 @ 9 \o
EA*1? Output should be JSON format. +e7ANY 7
(b) il » 2. 5[Z WAy 1. 7108
inputN: EA . X . {“aspect”: “battery time”,“label”: “negative”,
i EA* “sentence” “the battery timen this laptop is
input2: terrible. it can't keep up and finally, it couldn’t
inputl: even last for a few hours. Tt drains too fast.”}
N fj» aspect: paint, domain: laptop, keywords: paint wears, farther back, easily due, usual, .
keyboard <Sw71® ChatGPT 3. EKMAY?T-
output: {“aspect”: “paint”,| “label": “negative”, “sentence”: “the paint wears off easily 4.9\...0
due to the keyboard being farther back than usual.”}
™ ] g\$+ D
© um™ig\ input4:
aspect: battery time, domain: laptop, keywords: battery time, keep, finally, could, fast
- 7NY output:
71®g\ .
R LLM ™1~ ;
SANY  zL6 S N L6
+eTANT TN Lo
Finally found a laptop that keeps up with my battery time w 7 3
battery time needs! +e7ANT keep Q» Q »AY46
- 7N§ o finall q
71® L6 NY £6,g9\) COUIE; +N7E
fifi» = A
0@ pNy COINT gt DNf 606AQ»
Finally, a restaurant that could keep up with . p™ig\
impeccable service! Fast service! Keywords f Rake score
*YLLM  Z1jé# k f#qO; .
- NT A(16 9¢ TOP-K Nf £6, N £6, CRTE
negl Hey (g EKAAYT EKAY N'AY46 N'AY46 N'AY46 0@ igh
WQ»EA. WQ» W Q»EA* 3 $+D
- INT 71@ }
L6 Zway Y Iifj»
$ANT  7ZL6 Nf Y pmig\ .
LLM ™
1\ 11 NY £KPAY T N2l p™ig\"* N3l 7NT z™] S NT 26

B3 LLM 5 50 o sl ) 5 s 1 20 17 Tk A D5 VA A P

2.1 LLM 54HE

LLM J8 5 24565 A S 2 S0 iiE 5 803 ) 40 GPT-3") ChatGPT "M LLaMa""'%. 1X 174 it iof
2 SR SC AR, fEVF % RIS S5 AL BT S R R B T SR IO PR A, AHECT PLM, LLM (B8R K/, T 255k
PRSI R REAREE T REY R, MR R RES FIF IR B RES NAEN LTI UG R, IS E R
AR REE LLM 23 RHUBERL 2 I 25, A& il vd AR5 B8 0, (HEERITRE R AT 450, A e A& B8
L. BRI, DN T AR AE B SCAS T B TRRAEE SR, 75 BN e R A Wi Al 4R 51 FIFE 4, X LLM 7 A 2RI 51 5 9F
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240 LLM fif s 58 A1 55 198 7.

A EERPIHH LLM fif o 5 U0 1 1 B8 o A A 55 [RLtL, AR S0 6 U 1 B 1 i A AR 55, &
HRIEHE A1 A R LS LLM 58 B ARSI SC AR G i A A AT 45, b, A0t T 45 @ Mg I B 145 1)
B A= 64T hope you can help me to solve the aspect-based sentiment classification task. The labels regarding to
the aspect are only in positive, negative or neutral. Output should be JSON format.”, 411 3(a) Fiz~. M T 26/l TEE
P R ARAE 5 REAR S AT 4 s 4R A 1S LLM 4yt S5 /AL ) TSON 4 3SCA, M LE TR gE My fh SOAs, 45
Rk SCA T DUSE J7 (5 AT 5 S AR X, SET 8 T )5 SRR RS ISR, [RINE, A SGRLESR A HHEALE 1A e AR B b
FAF L. WAL, 9T A HhAE SR A M S 43 51 AR B A RS R A B, A S A B R S I AT AR 5,
T T 2 AR08 1, H DAV &R B As (s B, 081 (aspect word), 4iH{5 5. (domain), DA 540U SCAR
KA (5 B (keywords), FILATI 'S LLM 304 ik B AR U RE .

2.2 FEGIZR S L BL K BRI AL

WA SRR, A SR S0 5 40U P 0 1 IR A AT AT 55, M 48 1B A LA D15 LLM 58 B H AU SO AR S5 44,
HE AT DS SR, AR — R A SCASK B 2 LLM AR i SUAR, 7T e BB A RN SCAR BN —, ShZ F a1
FZFEME. 9 T R R, A8 SCHE 5| 305 A HRas I A AR DG R B, DLBR i A RSO AR R BT S R0 22 . 3 40
O] 5 YR AN AN R AT A O SR AR B ARIOR, BB 513 LLM A5 AR SR IS & 3 U DS [ R 52 SR
R, A AR BRI N AR,

i, FE K 3 b, IRSURON R T U, B AR U FU I . AR SO i A 5] ) O N 5 IR S A A S
FEIA, Wne“fast”, LAG| SR B AR B 2 AH G H AR SUSITE RS 2, ITTA 200 g IR A5 H AR S0 AR SR B, 1
ST ZE S 1A . a0 3 AR TR, JRATIERE T VTS Hh e fast” B R 198 SC, An SR A A YR AT R HE I S 2, AR
T 2 0T H BRSO 02 20, B0 - 1 2% A3 HH LI P R T R DR, T A Mt R P S . AN S e A
FEBI R AR, 515 LLM 7= A2 5RO B bR 38 8 A T8 2% S R ZR, 7T LA AU ffX — 1] .

AR ST EURE] S AT S BRI 7T 43 A BAR 3 28, 58 1 B8 SimCSEP HHAG 18 B AR ST, AR 5 PR AT T A
FEARSCAKRAARE; 28 2 25, SRIUIRAUE S B AR U3 SCAARBUEE Top-k FEASK, 28 3 P4 0T IXLEREAXS, {8 RAKE
S P B e 40 18, SREVS 20 i i (1 Top-P ANMEAEAE yoehin. BRI 4 fis.

551 25 SURFHBAE I 250 BRI Top-k HUFEART 55 3 25 M USSR B ]

inputd:
aspect: battery time, domain: laptop
output:

................................

(
/ U, \
Finally found a laptop that keeps up with

my battery needs!

Finally found a laptop that keeps up with
my battery needs!

[eanmwa

: I{;&iﬁzimw batery time F
i
i

keep

|

Y. !

e Ha i { |
; i = finally [y !
Finally found a laptop that keeps up with |
my battery needs! %%lﬂ?ﬂ]ﬂx could [ :
: I

- |

A 4
( ABURE I ]<

T { )
fast

it | -
( |\ Rake score 7
[ E > L
%2 T 450, Finally found a laptop that keeps up with e s A
U Finally, a restaurant that could keep up with \ my battery needs! j : E@.lel‘ @ﬂliﬂﬁvlﬁ l@iﬁlﬁ
i bl ice! ice! NSO
servicel P verviee C 8T SRR HUR

Top-k KAk
Bl 4 FE 0 S ORI S B ) Sl A ]
LR, ERHE AR SIRUSER DY = ((x,y))Y, AR TERRS B AR DT = {(x;.)}f:' | ARSCETF AR (1)
A (2) FREILH BB 2 &
H, = SimEncoder (x},x5,...,x}) (1)
H, = SimEncoder (x,. x,... x) )
Hrdr, SimEncoder X F Il SR iF #5528,
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BEJGET X (RS, RS, k) € H,, [B,, ... h] € H, T3 2B AERE G, Horh,

Gy = Sim (I, hf) 3)
BT,
Sim (A1) = et i h;'l’ @)

19 BYFBURAN B AR AUSSCAMAVE R G J5, &5 B ARSI R A X, TH S B R AUSAE A Top-k FHACUEE,
B Top;™ = (G, jy»Ginjps- -Gy} » FeH1, Gy 2 Gy = ... 2 Gy s BB, EXT X, ) 7 L X6F 97 P 905 A e AR B SC AR
XHEA a;= (x;" ,x;),(xf;,x;),...,(xj'k,xff) &1 3) B bR ERE [x),%5,...,x] € DT FITx N YR AT Top-k FEANT 4

B Ay, =ay,an,. .., a;.
2T SRR 8 A 2R B H Bh 9% B 3L (rapid automatic keyword extraction, RAKE) 5y ff) 3 FH A1 S g A] 1)
TGS AR B A — Bl F 0 DG S ] i R, SR T S AN L] S LAt B R R R L A Ay L AR
FERITE S5, NI RES B 3 A SCA SRS AR . AR SCHE I R B TR STUa0R B bR IO AR A BB A, DABR
U OCBEAT T IX L8 OGS T T DA S L R A0 N AR AT AR R 5 S0 TR 2R, T 515 LLM. B gt AR il 51X
LB SRR 32 RBURH 5% BRSO
£ RAKE SE RN AR, ASSCER X H AR SUSAEAS &, B SRR AT F AR SO REAXT B o, (RSN,
IR G Bk S T 1A At AN RE A0S 1R SC B RV S AR B A5 73 58, AR SO A e AR 43 B i Y Top-P /> 1
VERNRBERES &, IR LRI R 51 S8, PASI S8 SR A OUK. &5, A T IRIEAE OCA S AT )
JEVE BB AR G, A SORE 2 F AR A (0 8 3R] 1 Dy USSR B 1R A8 N 1) 5| S Ay o, d e XAy SR A R AR AR AR
SCASI K 50NN SR VE S ], T A= e SE AT Y UM H A U SCAS.
23 ETXF3
B LLM RE AR m, b S0 2] J5vE SO LLM fif ok B AR 5 AR BE )RR X, R T B
FCHE R A A BA S D B K 5, BUAT 2 ST 45 4R R It 58 OCA T UYL i 3(b) BTR, e B R S0 S HR A AT L
T Uy
C={L(x\.d.k.y).(xy.d.K,.}) .. (x,.d Koy )} ®)
Horp, CFRRAAME R RS R %, T ONES GURJE TGS O MRS 1R/ 6 2 SCA, d 9 HARSURAA TR, n 990
INBVECR, K, ORISR A, x N H RS SOA; BT H RS A B Z 454, A0S % Zhang 45 A\ PP T
B, FEAR R 2 ANyt R bR 25
R, F T B R 305 211 LLM ) BAE SUA:
P(.Yj [ x)= fLLM(th’x) (6)
9 = argmax(P (y; | x)) )
Hrr, 4 LLM & HI8 448 AR B bR SUEE AR AR,
2.4 BIEEG
LLM B3 SOA A Bl R, AN ] it G o 26 IR SR 254 . BRIk, A ST LLM 2B R SO 4l 3047 9 a2k
BE AR, LA BRA LB MRS | AR S0 RO, A ORI 0iRJi A Hicdls Jo B R0 22 KR, S 3(d) . BRI,
AR SCREL LA $5 i 5 S 80 SCAR SR . IBR AT & JSON Bt 2 IAE A, MR AR 24 152 FOREAR, AR SCA8 A A 4
RS 3 AR ZE, Al y = {positive,neutral,negative} , Kk, 244 B RE A AR ZEANTE 8 SUHIARZEEE A R i), BEAS
HE WA B B T S B T SOAS h AN B85 48 8 S PR R O AS, B OR 2B R SCAS B 5 46 8 1) R M 1T AR OC. THBR
KA 5%/ T o BIREAR, B DR AR BRI SO AR 78 o 48 8 1R QB 1], FH AR i SR I 2 REVE. B BR B RE AR,
DR B SCAH 1) 22 A PR AR 1
2.5 HRAN)IZ
AT F TR Zr48 2 SCAR A AR B T5 A Jy R UG AR A S5 92 R, T5 5T 2w A 45 - ARG 4% 45 1) H
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PASEROCA A BAE S5, A SOR SR PE Oy S5 e A 4R I AL BUES5 ARBLRAT U X = [ x1, %, X,
HABHET TS BALY Encoder #5434 N SCA X 4 Ay He, B
H¢ =T5Encoder([1,x;,X2,...,%,]) (8)
Horh, He e R4 d NRGHUZHEIE, 1R, ShAh, 9 T WL AR, X B4R T HER N <s> 45 R AF.
R X = [L,x1, %0, Xl s EAEBRZEFHNY = (1., p], WA OB (046 HH AT AR 24 1 52 SO
PYIX=]]PO1XY) ©)
AR BT DU I TS BEAL e () SO A g i 88 A SCAMRRS 2k tH A — B I P = P(y| X, Y) . BRI, @1 1
SCRTRSB G B He J5, K HARNTE T TS 10 SORMERD RS b, S8 I He R YA 20 2 BSOS AR RS g Y Y, R THE
p., Bl

h = T5Decoder(H“; Y<,) (10)
Hrr, hd e R, h? N Decoder 2% tH I RE & = A &, U
P, = Softmax(W, i/ + B, (11)

HH, w,, B, BINEEIISEL.
P25 B ARBE S P, J, DA SR BR 211 A0 1o B, ST ARG A SRR K B B0 4 U 45 48780 2 O
T 76 BB RS R )1 5.
L= —;;yfIOg&i+glﬁ>~lz (12)

Horb, i NBIEREARRIR S, JONFERRSL, y, N E R, 9 ATIA SGA, NOAREA RS, K AR KN, 6,8
TSR, A L2 IENSHL

3 X I

3.1 LBRHIEELHRRE

K 3C# ] Restaurant, Service, Laptop, Device iX 4 N7k F 1) 3550 8 PEZE S I M Bl 42 70, #ygd 10 4
(R, B AR Hods &£ 05 R, A HLEE A, &K, 2295, B e TF X WU 18 24 (https://github.
com/bleunlp/CCD-ASQP), 25 ik v H v To @ P17 (R AR, #g 4 A rh SO R MG K o b B St s FH DABRHIE A 3¢
7 EAE B AT R M B AT 55 T A e Hor, ASeS T s st gE U, MIBR T (Device, Laptop) Hl
(Laptop, Device) BN T SCPF U0, TR AP Py 780 T4, ¥ DA PR 2 95 A3 S R 1% A i e 0. VR
BT 1.

* 1 ERHIESIT

AU 44 B RS MREE IR ET
Device 1394 691 1378
Laptop 2297 631 2257

Restaurant 4284 2252 2574
Service 1840 886 1798

FHLEE A 3169 463 -
K 855 533 831
440 613 357 587

BT R 615 369 600

AT A 2E T LM Ks 18 56 () 5 A0S 1R 2 17 13 607 1 A ChatGPT {09 LLM B, i API %
FIi ] gpt-3.5-turbo-0301 S A I 5 A 55, 7 S EHE W& 1 o, [RIRE, 7 T5-base #E AUy S AR R, LA
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USUF LLM FHE 350 (194 30 . A 09286 % T GeForce RTX 3090 (24 GB) GPU 58 %, H:rF Batch size % & N 16, T5
B2 > SR B E N 264, FEH Adam Ak B8R R AR F R 280, LLM A B B temperature SRAE#E 2
B BN 0.2, FEARGIECE n W BN 3. BhAb, AL 45 FONBENVIG I S HOF E R U 3 R P4 3, JF
P HEW 2R (accuracy, Acc) 1E AN TR T,
32 MHEAESENER

PRl AR SCBE R A Rk, A SCHRER T 3 RIE LR BRI IEAT S B f b, 485 R L3R 2. Horh, BERTPY, T5P2,
BARTP ™y FI IR AT AR, ChatGPTP 5 LLaMa™™ >y LLM, ADSPT!', PADAR”, ACSCP Jyil #1145 9 3
PR 5 AR R B 3 TR TRY, DS S o 3 st b 7 v ) T S 4.

T2 ARCHRL G X IEAEAS RIS b SR 45 R (%)
Method D—R D—S L—>R L—>S R—>D R—-L R—-S S—>D S—>L S—R Avg

BERT 80.37 85.21 81.13 81.94 88.28 77.81 84.54 90.74 69.73 79.75 81.95
BART 82.33 86.46 82.73 86.00 90.16 77.50 86.68 91.03 70.84 81.35 83.51
T5 81.79 87.58 79.53 85.33 93.92 78.29 87.02 93.49 70.36 81.17 83.85

ChatGPT 86.32 83.63 86.32 83.63 90.30 79.23 83.63 90.30 79.23 86.32 84.89
LLaMa 81.86 87.91 81.04 86.97 92.03 74.81 86.57 92.76 73.18 81.43 83.86
ADSPT 82.86 87.13 84.81 83.30 91.17 78.45 83.86 91.46 71.47 82.37 83.69
PADA 83.28 87.23 84.66 85.20 91.10 78.34 87.79 93.04 69.78 82.93 84.34
ACSC 82.19 86.57 83.57 84.54 89.44 75.75 85.97 91.75 71.16 82.28 83.32

Ours 85.70 87.81 86.10 87.36 94.36 82.73 87.70 93.78 80.03 85.75 87.13

VE: DA SOEE 2 B et 5 2R, RIS B 9 MBI a5

BERT, HJI i I U5 455k 1l 25 4 % BERT-base #8 HEAT 30, B 5 B [CLS] 17 & 58 B H A WU 11 2% 15
Ry HAT 5. TS 5 BART BEA T5 5 BART Tl 2R A2 s B4, 48 Y5 AR08 2R 208 15 /5 B R DA B 2815 = 5 Y
H AR AU To R 25 J@ PR 1 1) 45 B[] . ChatGPT /& —Ff T GPT-3.5 2L 1) LLM, A5 B4 i K MBI 25 I 22 th
oM, £V 2 BAE S AT 55 P AR L T BRI A8 77, AR SOH R T2 A 1 2 15 % A AT 4145 LLaMa
TR ) LLM, 1£ 2 A B 2G5 A B AE 5% h B8 R I 1 AF 2 AR 85 B (1 5 O R 77, A8 303 T Alpaca-LoRA
(https://github.com/tloen/alpaca-lora) {5 FI Y 435 Il - FU HE %t LLaMa-7B #4748 4R, A DL 58 R s 4380 1tk 2 18
J&IT T A5 ADSPT SR H BCBAR (soft prompt) 35 B AT R A7 457 41 I3 F X $0 2 = 7 9 3R A9 AN AR AR A1, AT
56 R A0 3 15 B8 43 AT AT 55 PADA 38 3 A) F 9 491 2 A AR S R A5 5 AR TR AT, S TS 1 w280 43
56 LI U R 15 B 73 AT 55 . ACSC ik TR FH TIN5 A A 7 5 i 19 4003 i 1k 4 17 IRk 4 i LA

M 2 (RSB 45 B n] LA, BERT #E R 72 15 45380 J M 2 15 8 43 AT 2% b IR SR AR X B 4K, 3 WT =2 B
T T I 1 2 50 1 1 oy AT A 5 T B AR, TR b A0t v Ak MR ZE . SRR, TN SR AR AR EY TS A BART IR
TUAR KT B . PR AR B B AT DL T H ARG 5 SUAS R IR MR 5 18 1 I8 1 0 4 8 A0 AT A 55, A0 45 HC7E A ¥E2 85 403 A
%W B U2 ALRE /7. KIE S Y ChatGPT M1 LLaMa FIR IS T 2 e T 488 BERT, Jf H 5 T5 #1
BART (R BUAH 2. IX AT R K LLM RE % B 4 1b 73 A )& R R IR 3 AT AR 55, DT A 2 1) el vz AL A e
BT LATE 2 AN 0] rp R BLOE 75 e oh, $8 A AR I 7 B4R & T LLM 75 15 40803 M 1% B8 o i vh 3R I HTE
AR SCIR SRS TR I, LLM X T mh 4 155 8 1 IR 0 RE 78I, BRI 5 550 LLM. 1)~ SR 1F 38 T Bie. 5% o U 1 Rk 4
HTAE 25 (147 B #A ADSPT. PADA Al ACSC )3 LA AH 24 HY €, X SUAR AL 3 1o 45 7 114 SR W ok Adb 231 5 43804 55,
4 ADSPT 5 FH BCBLAR A% Bt 2 =3 SR 3R B AU AN S RFAIE, PADA 38 i ) 2 A 48] 0 B Sk fa 7 R 49138 5 H A% 40
BURHIE, ACSC N385 A5 A T 2R A2 AR 55 AR 58 1 JA M G A IR 20 M A 2% e Ab, AR T vl ad 5 A i
XTI AT B 1 2 AR IR 3 T A 55 K 51 B A, 429 B BR AN -5 R SO Bl SR I i R S0 ) T 2048 A 4
SR SR IR S B 1] 51 ALY AR i bR U b 25 SCAS B, A R A AU 22 S ) R, 3 TG R A AT SRR P R 1% IR A
D5 VEAE s U ) R R L. ForP, AR SO IR ARER ChatGPT, 18 £ MU 1P B HER R PR T 2.3%, MHET
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FERETRN AL R T5 S & 1 3.28%. 3% 2 rp I S Bey 45 AR WY, AN SC T4 th 7532k vy DUAT 280 A e i 4 4k g 17 2%
TR AT S, AR, 1E 2 A0 45 _E AR5 SR IR U0 B A SC RT3 H (A8 20 B A e s IRz AL k.
3.3 PXHIEELWER

T BAE ARSI EAE A R 5 B 5 b 10 3o, ATAE ok B 4L 28 S h SCRB BEE AR v -3 07
IRV ZREAE, 55 s F SRk B 4=, B /K BA K& Be i SS Ak i) P SCUP iR 58 AR . [F0 R, AR 19 S0 1) e 2k
15 (https://huggingface.co/bert-base-multilingual-uncased, https://huggingface.co/google/mt5-base) 41 ] £ & 5 1
R PSR SO EER I ZR 5 0. 22 3 SIS 45 SRR B, A SCELE th SCHOR 28 i A ORI 2. IEF
IR Z R AE AR AR, TN ZRER 5 MR Hh AR A Z2 0K, 3 BRI ) R LA 22 (i B AR
REEGA SR I T LLM (A G 50 07 1%, i @ 24051 5 R AL AR il B AR ST AR 458, T DU R0 s,
72 I R, MNTTA 28082 o 5 SR AL R TV R R .

3 PCEIREMERLIRLE T (%)

T 244 K BHETIT R
BERT 77.59 57.60 85.63
BERT+A i 86.27 81.98 92.68
T5 84.31 65.66 86.72
TS+ % 91.60 83.18 94.85

3.4 jHEASELD

N T 3k ISR A SO ARG AR A R, A5 348 FH A o0 1) i s A SCHR T Rt AT e S B b
TC, RN 4 s, E 56, LBk LLM B8 5mal 73 Ja , AR SCEAE A0 i R B0 (ER ) 29 BOK T F#,
Hrp s — LU AR T T 9.94%. tHItAT LA H, 255 LLM 08 38 5 5 7 dl i 5 2251 5 LLM ZE
FARUSAT b2 B0, T LA RO Ak U8 22 7 1 A, AT i P A TR A e 25 U I 1 A I T AR 5 O IR . 2 250
BEXT LLM EdfE 39 9 i bR 505 S e i, B 42 515 LLM A2 e H AR SUEA bR s, SR A PR RE thA K
R R R . RONSRZ B R SCHIZR B4 51, LLM AR XA SORT & J PR 2015 1O A AT 55 O Bt AT S BB 4 RE
ORI B BRAh, 25 B S0 B 1A SRS M ATUSAR R ATt 2 BRI (i B, DROA, SRBEIAI 3R R A5 2 55 A0S IR AT /T LAY
G| PGS SRS B, AT A H AR SRR A HE. RIS, REG1 20 1 DS B IR 3 7 T LA R AR
A PR 2 R, I 2 A2 AT 22 7 ) L. DRI, A1 ¥ i S0 A U B, A ST i v AS RIS HRORT TR 20 g ok i85
P ] 15 K 7 AT 55 3504 5 ).

F 4 HRSZIGSE R (MEMIE (%))

prsl S—L R—L
AT (TS) 80.03 82.73
~LLM 3 1 5 70.36 78.29
- 70.81 78.90
— R R 74.22 79.57
SRR IR AT 78.71 81.15

3.5 TRIEIEER S KSR A ERE LI

N T RAUEARSCIT 1 B8 38 1 B A R, AR X 3 AN UEORT, KA SR O T LM $dli i 5 1) 7577 5 A A
KR 858 05728 20 AN R B 1) S AR 2 g A7 Lot 3L, EDA A% G 4 58 05 7%, DALMY D
TR ZRAE R B 484 57 V%

25 T DU Y, A SCHR AR T LM B0 3 95 ) 77 95 T LA Rt 4 T % 218 5 A TR 1 15 U8 1 2 1
MRS P HERE. Horb, 485 — LA, T U8R FREOK, #2875 iR AE 12 0O (1 R BUAS AN, (B2
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ALY v Ao P A SCHR Y 2 T LM B0 389 56 1) 05 325, e TR S T i A 1P 2 ) 1 K 3 A 55 14 5
TE A, FRT S OB A B AR U B RS R, AT DA R AR A2 S 1R, AT A R R A SR T T R
Bl AN, /£ D > R5 R — LA, A S5 AR B A B 389 55 7 vk, AT DA SE 0 AT 23 e ik A 7R ) 2R L.
Uk, AR S8t 35 PR, AR SC VR AT DAV A R I P 25 i A AR R, 4 L BN R0 AR Uk 25 ISR 1 28 ) 1 Uk

I RAES
R 5 AFEPRIG TR G AR AR S IG 45 5 (R R (%))
Y Kl sy vk S—L D—R R—L
— 69.73 80.37 77.81
EDA 71.31 80.03 77.30
BERT DA’LM 74.20 81.44 78.12
AT 76.39 82.99 78.99
- 70.36 81.79 78.29
EDA 7233 81.35 78.70
s DA’LM 75.87 82.74 79.40
ARLTTE 80.03 85.70 82.73
- 71.47 82.86 78.45
EDA 73.01 82.69 79.11
ADSPT DA’LM 76.48 83.18 79.38
AR T7 i 78.17 84.36 80.12
- 73.18 81.86 74.81
EDA 74.20 81.37 75.22
LLaMa DA’LM 75.88 82.55 76.38
AR TTiF: 78.91 84.05 79.02

3.6 LLM &Rt

N [ A3 1) 1) SCAS AR RS 2 S 2 A O R % A ASE 2 B8 e 25 A 4l J M 4 A7 SRR A0 AT A 55 R P e, TR A Tt v
SR R4 ) SCASAH DM (Jaccard similarity score)®!, MM 36-IEAS SC3ET LLM H05 38 5 (14 7592 0] AT R 7 s i
IS B ARSI SRR, Wil 5 FoR, ARSCEER 5 A (IR, B bR Ssnt A HEAT SR8 Ho, 43l
A5 IR S HE 5 bR U, DL R IR S SR TR A AN ST LLM 3R AT B0 s i Bhs , g AT SCARARALEE T
BB S B R AT DLE H, ARSCEET LLM BOs 386 55 10 7 VA 1E 2 A [R) Aslons B R m] DA 5o 3 v s S A A
ABATAE, B AR SC TR T B A A [R] ek TR ) SCAS ZE B R R AL

205
5]

g 0.43
2 04 0.38 0.39 037 0.38
§o03
£02t015 0.19 0.15 0.16 0.17
g 100N
Q
g 0

(D.R) (D.S) (L,R) () (R.9)

5 LLM A ROSCAR R 2 #r

o JRAUK o ATTE

N T HEBERIT LLM SCARA OB, ASO LLM B A2 BRSO 2847 PR 2 i, IR 45 Rk 6 Fiw,
FErp Bt as SUAN LEC 9 A4 OB R BE T AR A SCBEE Y JSON A% A ER; AR AN — 28, WI/24RAE LLM AR H bp
SN Bt b, S T AR R IR AR 1 € AR R AR AN, HAR R AR R A A R B R . DG BREA SRR A S
g R IR, /£ LLM AR R Bt v, B i AN DL RCRBR 2R 5 R o A B L. SR, SR R A S

HALE, LLM R A i B0 LB A AR, SRR MIACSCER H 93 T LM A H5cdis 1 o Sms B2 e (0 8 e 1.
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F 6 LLM RS 5 E o it
Ak 44 FR FRey s 54 B AR PR —EL HAh 4% EiEE

Device 1394 7 8 1 1378
Laptop 2297 20 11 9 2257
Restaurant 2600 8 13 5 2574
Service 1 840 18 13 11 1798
K 855 10 8 6 831
447 613 7 11 8 587
BRI K 615 6 4 5 600

3.7 HE RGBSR
FEF 6 FIREG] 73 HTHh, ASSC DL T USRI AT, FUR SN H AR U, s 1 ASORI T LLM 3EAT Hodie 48 9
(KIFED.

T FEL I AR T 1 SR
{“aspect”: “microsoft software”, “sentence”: “Everything is so easy to use, mac software is just so much simpler than
microsoft sofiware.”

LLM “E R4 LLM i th SOk

Instruction:

I hope you can help me to solve the aspect-based sentiment classification
task. The labels regarding to the aspects are only in positive, negative or
neutral. Output should be JSON format.

Examples:

input1:

aspect: 18-inch, domain: laptop, keywords: inch laptop, sized, 18

output: {“aspect’™ “18-inch”, “label™ “positive”, “sentence™ “this is an over -
sized, 18-inch laptop.”}

input2:

aspect: cords, domain: laptop, keywords: headphones plus network LLM Output:
connection, cords going every direction, power plus cords coming, cords | (“aspect™  “microsoft  software”,
coming, messy setup “label”: “negative”, “sentence”: “The

output: {*“aspect™ “cords”, “label™ “negative”, “sentence™ “cords coming out | AMicrosoft software is not as user-
the right for power plus cords coming out front for headphones plus network friendly as the Mac software; it could

connection on left make for a very messy setup with cords going every | be much simpler.”}
direction.”}

input3:

aspect: usb connect, domain: laptop, keywords: usb connect, can, use,
compatible

output: {“aspect”™ “usb connect”, “label”™ “neutral”, “sentence” “I had a usb
connect but, I can't use it because it is not compatible.”}

input4:

aspect: microsoft software, domain: laptop, keywords: much simpler,
microsoft software, mac software, fiiendly

output:

K6 Bt

T, BT U R A SO 1% R W AT 5, AN SCE BRI 5 415 A (instruction) AT BL 5§ LLM %€ & H 4540
SRR G A AT 55, I HAE SR 7515 60 v WY 48 195 8O 265 28 ) 5 i R R o Lok, Sl R4 A U 5 U
AU AT AL ST, S BORE 91 2831 ¥ SCAR A B SR B ], 01 inputd 60 35 1) DG SRR, friendly SR UR T 48 [T 40, AR %
SR SR U T RN I T SRR, AR SO Y I e A OG Tk S B 4, e b TR S ST T 51 S B v A B E
QA FR 2 SCA B il & 6 W LA ), 2R T AR SCROTH M IE 154, LLM AT DA T S B 1) 5 2 A e o H
PR SCA 25, G E R, JE MRS A HAE R R, R B8 m I SO IR g . BRI, S8 AR SR H A 2
T LLM 4 18 52 77 3 7T LA 280 22 i H A A0Sk R = o 26 ot 10 i A, DA T 4 B A Y A e e i 4038 78 4
B 55
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4 B %

BT 5 AR A28 20 7 0 A o AN (R A 2 18] R S 93 22 5t LA i X AU =2 A B 500 (R M, A SR Y —
it T LM 5S040 18 5 1 95 A0 g 0 17 8 43 A 1. %0125 6 A e IR L R A A R 2 R Al 5 e 1 )
3 B A X 2 U PR O T A 55 B 51 1B A, 240 H AR SUR-S YR OO, If iR B S0
>0 75 2 A P AT ORI G B ] 5| AR L 2l A AT AR 25 SO KA, A3 R ke I b T i e = DL ATy 5
PR, BEAh, ASCHE 2 AN B AR Th AT SE I8 2 M, SEIR S5 RAR A SO AL 2 M gk LRSI b B35 58Tt 12
LRI TR RE, I HREAS AN Al & 2 H TR DU 5 ) SR L BT rp i v HL 1 RE.

RSN 20 MBI U5 R 3 2R AR T B ARG 4% 1 (0 SCAS £ 0T i, LA LLM AT g £ KD BB, M52
et A RO (5 R, AN SO PR S iR SO A T ¥, 58 UE N R R O I TR S5, Bl in i ik = o2 sl Pl 7o
A HIPUESS . G Bt DHESN R RO O A RE, (8 LLM e 5 ST U ER AR AN 50 A SCA p 5 A5 2.

References:

[1] Liu B. Sentiment Analysis and Opinion Mining. Cham: Springer, 2012. 1-167. [doi: 10.1007/978-3-031-02145-9]

[2] Hu MQ, Liu B. Mining and summarizing customer reviews. In: Proc. of the 10th ACM SIGKDD Int’l Conf. on Knowledge Discovery
and Data Mining. Seattle: ACM, 2004. 168-177. [doi: 10.1145/1014052.1014073]

[3] Liu HY, Chatterjee I, Zhou MC, Lu XS, Abusorrah A. Aspect-based sentiment analysis: A survey of deep learning methods. IEEE Trans.
on Computational Social Systems, 2020, 7(6): 1358-1375. [doi: 10.1109/TCSS.2020.3033302]

[4] Zhao YY, Qin B, Liu T. Sentiment analysis. Ruan Jian Xue Bao/Journal of Software, 2010, 21(8): 1834—1848 (in Chinese with English
abstract). http://www jos.org.cn/1000-9825/3832.htm [doi: 10.3724/SP.J.1001.2010.03832]

[5] Zhao CJ, Wang SG, Li DY. Research progress on cross-domain text sentiment classification. Ruan Jian Xue Bao/Journal of Software,
2020, 31(6): 1723-1746 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6029.htm [doi: 10.13328/j.cnki.jos.006029]

[6] Pan SJ, Yang Q. A survey on transfer learning. IEEE Trans. on Knowledge and Data Engineering, 2010, 22(10): 1345-1359. [doi: 10.
1109/TKDE.2009.191]

[7] Cai HJ, Xia R, Yu JE. Aspect-category-opinion-sentiment quadruple extraction with implicit aspects and opinions. In: Proc. of the 59th
Annual Meeting of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing (Vol. 1:
Long Papers). Association for Computational Linguistics, 2021. 340-350. [doi: 10.18653/v1/2021.acl-long.29]

[8] Chen CH, Teng ZY, Wang ZQ, Zhang Y. Discrete opinion tree induction for aspect-based sentiment analysis. In: Proc. of the 60th Annual
Meeting of the Association for Computational Linguistics (Vol. 1: Long Papers). Dublin: Association for Computational Linguistics,
2022.2051-2064. [doi: 10.18653/v1/2022.acl-long.145]

[9]1 LiuJ, Teng ZY, Cui LY, Liu HM, Zhang Y. Solving aspect category sentiment analysis as a text generation task. In: Proc. of the 2021
Conf. on Empirical Methods in Natural Language Processing. Punta Cana: Association for Computational Linguistics, 2021. 4406-4416.
[doi: 10.18653/v1/2021.emnlp-main.361]

[10] XiaR, Zong CQ. A POS-based ensemble model for cross-domain sentiment classification. In: Proc. of the 5th Int’l Joint Conf. on Natural
Language Processing. Chiang Mai: Asian Federation of Natural Language Processing, 2011. 614—622.

[11] Zhou J, Tian JF, Wang R, Wu YB, Xiao WM, He L. SentiX: A sentiment-aware pre-trained model for cross-domain sentiment analysis.
In: Proc. of the 28th Int’l Conf. on Computational Linguistics. Barcelona: Int’l Committee on Computational Linguistics, 2020. 568-579.
[doi: 10.18653/v1/2020.coling-main.49]

[12] Karouzos C, Paraskevopoulos G, Potamianos A. UDALM: Unsupervised domain adaptation through language modeling. In: Proc. of the
2021 Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies.
Association for Computational Linguistics, 2021. 2579-2590. [doi: 10.18653/v1/2021.naacl-main.203]

[13] Ben-David E, Rabinovitz C, Reichart R. PERL: Pivot-based domain adaptation for pre-trained deep contextualized embedding models.
Trans. of the Association for Computational Linguistics, 2020, 8: 504-521. [doi: 10.1162/tacl_a_00328]

[14] Wu H, Shi XD. Adversarial soft prompt tuning for cross-domain sentiment analysis. In: Proc. of the 60th Annual Meeting of the
Association for Computational Linguistics (Vol. 1: Long Papers). Dublin: Association for Computational Linguistics, 2022. 2438-2447.
[doi: 10.18653/v1/2022.acl-long.174]

[15] Wang WY, Pan SJ. Recursive neural structural correspondence network for cross-domain aspect and opinion co-extraction. In: Proc. of
the 56th Annual Meeting of the Association for Computational Linguistics. Melbourne: Association for Computational Linguistics, 2018.
2171-2181. [doi: 10.18653/v1/P18-1202]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1007/978-3-031-02145-9
https://doi.org/10.1145/1014052.1014073
https://doi.org/10.1109/TCSS.2020.3033302
http://www.jos.org.cn/1000-9825/3832.htm
http://www.jos.org.cn/1000-9825/3832.htm
http://www.jos.org.cn/1000-9825/3832.htm
https://doi.org/10.3724/SP.J.1001.2010.03832
http://www.jos.org.cn/1000-9825/6029.htm
http://www.jos.org.cn/1000-9825/6029.htm
http://www.jos.org.cn/1000-9825/6029.htm
https://doi.org/10.13328/j.cnki.jos.006029
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2022.acl-long.145
https://doi.org/10.18653/v1/2022.acl-long.145
https://doi.org/10.18653/v1/2022.acl-long.145
https://doi.org/10.18653/v1/2021.emnlp-main.361
https://doi.org/10.18653/v1/2021.emnlp-main.361
https://doi.org/10.18653/v1/2021.emnlp-main.361
https://doi.org/10.18653/v1/2020.coling-main.49
https://doi.org/10.18653/v1/2020.coling-main.49
https://doi.org/10.18653/v1/2020.coling-main.49
https://doi.org/10.18653/v1/2021.naacl-main.203
https://doi.org/10.18653/v1/2021.naacl-main.203
https://doi.org/10.18653/v1/2021.naacl-main.203
https://doi.org/10.1162/tacl_a_00328
https://doi.org/10.18653/v1/2022.acl-long.174
https://doi.org/10.18653/v1/2022.acl-long.174
https://doi.org/10.18653/v1/2022.acl-long.174
https://doi.org/10.18653/v1/P18-1202
https://doi.org/10.18653/v1/P18-1202
https://doi.org/10.18653/v1/P18-1202

2 R F KOE AR IR B 04 S5 ATUR B M BN B AT 657

[16] Gong C, Yu J, Xia R. Unified feature and instance based domain adaptation for aspect-based sentiment analysis. In: Proc. of the 2020
Conf. on Empirical Methods in Natural Language Processing. Association for Computational Linguistics, 2020. 7035-7045. [doi: 10.
18653/v1/2020.emnlp-main.572]

[17] YulJF, Zhao QK, Xia R. Cross-domain data augmentation with domain-adaptive language modeling for aspect-based sentiment analysis.
In: Proc. of the 61st Annual Meeting of the Association for Computational Linguistics (Vol. 1: Long Papers). Toronto: Association for
Computational Linguistics, 2023. 1456-1470. [doi: 10.18653/v1/2023.acl-long.81]

[18] YangLY, Yuan LF, Cui LY, Gao WY, Zhang Y. FactMix: Using a few labeled in-domain examples to generalize to cross-domain named
entity recognition. In: Proc. of the 29th Int’l Conf. on Computational Linguistics. Gyeongju: Int’l Committee on Computational
Linguistics, 2022. 5360-5371.

[19] Yu JF, Gong CG, Xia R. Cross-domain review generation for aspect-based sentiment analysis. In: Proc. of the 2021 Findings of the
Association for Computational Linguistics: ACL-IJCNLP 2021. Association for Computational Linguistics, 2021. 4767-4777. [doi: 10.
18653/v1/2021.findings-acl.421]

[20] Ouyang L, Wu J, Jiang X, Almeida D, Wainwright CL, Mishkin P, Zhang C, Agarwal S, Slama K, Ray A, Schulman J, Hilton J, Kelton
F, Miller L, Simens M, Askell A, Welinder P, Christiano PF, Leike J, Lowe R. Training language models to follow instructions with
human feedback. In: Proc. of the 36th Annual Conf. on Neural Information Processing Systems. New Orleans, 2022.

[21] Bai YT, Jones A, Ndousse K, et al. Training a helpful and harmless assistant with reinforcement learning from human feedback.
arXiv:2204.05862, 2022.

[22] Tang DY, Qin B, Feng XC, Liu T. Effective LSTMs for target-dependent sentiment classification. In: Proc. of the 26th Int’l Conf. on
Computational Linguistics: Technical Papers. Osaka: The COLING 2016 Organizing Committee, 2016. 3298-3307.

[23] Zhang B, Xu D, Zhang H, Li MZ. STCS lexicon: Spectral-clustering-based topic-specific Chinese sentiment lexicon construction for
social networks. IEEE Trans. on Computational Social Systems, 2019, 6(6): 1180-1189. [doi: 10.1109/TCSS.2019.2941344]

[24] Bao XY, Jiang XT, Wang ZQ, Zhou GD. Cross-lingual aspect-level sentiment classification with graph neural network. Ruan Jian Xue
Bao/Journal of Software, 2023, 34(2): 676689 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6667.htm [doi: 10.
13328/j.cnki.jos.006667]

[25] Feng C, Li HH, Zhao HY, Xue Y, Tang JY. Aspect-level sentiment analysis based on hierarchical attention and gate networks. Journal of
Chinese Information Processing, 2021, 35(10): 128-136 (in Chinese with English abstract). [doi: 10.3969/j.issn.1003-0077.2021.10.015]

[26] Yan JF, Shao XH. Aspect-level sentiment analysis based on graph convolutional network. Journal of Chinese Information Processing,
2022, 36(10): 135-144 (in Chinese with English abstract). [doi: 10.3969/.issn.1003-0077.2022.10.015]

[27] Bao LX, Lambert P, Badia T. Attention and lexicon regularized LSTM for aspect-based sentiment analysis. In: Proc. of the 57th Annual
Meeting of the Association for Computational Linguistics: Student Research Workshop. Florence: Association for Computational
Linguistics, 2019. 253-259. [doi: 10.18653/v1/P19-2035]

[28] Ma DH, Li SJ, Zhang XD, Wang HF. Interactive attention networks for aspect-level sentiment classification. In: Proc. of the 26th Int’l
Joint Conf. on Artificial Intelligence. Melbourne: AAAI Press, 2017. 4068-4074.

[29] Chen P, Sun ZQ, Bing LD, Yang W. Recurrent attention network on memory for aspect sentiment analysis. In: Proc. of the 2017 Conf. on
Empirical Methods in Natural Language Processing. Copenhagen: Association for Computational Linguistics, 2017. 452-461. [doi: 10.
18653/v1/D17-1047]

[30] LiX, Bing LD, Zhang WX, Lam W. Exploiting BERT for end-to-end aspect-based sentiment analysis. In: Proc. of the 5th Workshop on
Noisy User-generated Text. Hong Kong: Association for Computational Linguistics, 2019. 34—41. [doi: 10.18653/v1/D19-5505]

[31] Huang BX, Carley KM. Syntax-aware aspect level sentiment classification with graph attention networks. In: Proc. of the 2019 Conf. on
Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing. Hong Kong:
Association for Computational Linguistics, 2019. 5469-5477. [doi: 10.18653/v1/D19-1549]

[32] Raffel C, Shazeer N, Roberts A, Lee K, Narang S, Matena M, Zhou YQ, Li W, Liu PJ. Exploring the limits of transfer learning with a
unified text-to-text Transformer. The Journal of Machine Learning Research, 2020, 21(1): 140.

[33] Lewis M, Liu YH, Goyal N, Ghazvininejad M, Mohamed A, Levy O, Stoyanov V, Zettlemoyer L. BART: Denoising sequence-to-
sequence pre-training for natural language generation, translation, and comprehension. In: Proc. of the 58th Annual Meeting of the
Association for Computational Linguistics. Association for Computational Linguistics, 2020. 7871-7880. [doi: 10.18653/v1/2020.acl-
main.703]

[34] Zhang WX, Li X, Deng Y, Bing LD, Lam W. Towards generative aspect-based sentiment analysis. In: Proc. of the 59th Annual Meeting
of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing. Association for
Computational Linguistics, 2021. 504-510. [doi: 10.18653/v1/2021.acl-short.64]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.18653/v1/2020.emnlp-main.572
https://doi.org/10.18653/v1/2020.emnlp-main.572
https://doi.org/10.18653/v1/2020.emnlp-main.572
https://doi.org/10.18653/v1/2020.emnlp-main.572
https://doi.org/10.18653/v1/2023.acl-long.81
https://doi.org/10.18653/v1/2023.acl-long.81
https://doi.org/10.18653/v1/2023.acl-long.81
https://doi.org/10.18653/v1/2021.findings-acl.421
https://doi.org/10.18653/v1/2021.findings-acl.421
https://doi.org/10.18653/v1/2021.findings-acl.421
https://doi.org/10.18653/v1/2021.findings-acl.421
https://doi.org/10.1109/TCSS.2019.2941344
http://www.jos.org.cn/1000-9825/6667.htm
http://www.jos.org.cn/1000-9825/6667.htm
http://www.jos.org.cn/1000-9825/6667.htm
https://doi.org/10.13328/j.cnki.jos.006667
https://doi.org/10.13328/j.cnki.jos.006667
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.18653/v1/P19-2035
https://doi.org/10.18653/v1/P19-2035
https://doi.org/10.18653/v1/P19-2035
https://doi.org/10.18653/v1/D17-1047
https://doi.org/10.18653/v1/D17-1047
https://doi.org/10.18653/v1/D17-1047
https://doi.org/10.18653/v1/D17-1047
https://doi.org/10.18653/v1/D19-5505
https://doi.org/10.18653/v1/D19-5505
https://doi.org/10.18653/v1/D19-5505
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2021.acl-short.64
https://doi.org/10.18653/v1/2021.acl-short.64
https://doi.org/10.18653/v1/2021.acl-short.64

658 HAFFIR 2025 FF 36 K% 2 B

[35] YanH, Dai JQ, Ji T, Qiu XP, Zhang Z. A unified generative framework for aspect-based sentiment analysis. In: Proc. of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing. Association for
Computational Linguistics, 2021. 2416-2429. [doi: 10.18653/v1/2021.acl-long.188]

[36] Lu YJ, Liu Q, Dai D, Xiao XY, Lin HY, Han XP, Sun L, Wu H. Unified structure generation for universal information extraction. In:
Proc. of the 60th Annual Meeting of the Association for Computational Linguistics (Vol. 1: Long Papers). Dublin: Association for
Computational Linguistics, 2022. 5755-5772. [doi: 10.18653/v1/2022.acl-long.395]

[37] FeiH, Wu SQ, LiJY, Li BB, Li F, Qin LB, Zhang MS, Zhang M, Chua TS. LasUIE: Unifying information extraction with latent adaptive
structure-aware generative language model. In: Proc. of the 36th Annual Conf. on Neural Information Processing Systems. New Orleans,
2022.

[38] Zhao GY, Lv CG, Fu GH, Liu ZL, Liang CF, Liu T. Domain specific sentiment words based attention model for cross-domain attribute-
oriented sentiment analysis. Journal of Chinese Information Processing, 2021, 35(6): 93—102 (in Chinese with English abstract). [doi: 10.
3969/j.issn.1003-0077.2021.06.010]

[39] Blitzer J, Dredze M, Pereira F. Biographies, Bollywood, boom-boxes and blenders: Domain adaptation for sentiment classification. In:
Proc. of the 45th Annual Meeting of the Association of Computational Linguistics. Prague: Association for Computational Linguistics,
2007. 440-447.

[40] Ziser Y, Reichart R. Task refinement learning for improved accuracy and stability of unsupervised domain adaptation. In: Proc. of the
57th Annual Meeting of the Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019.
5895-5906. [doi: 10.18653/v1/P19-1591]

[41] Du CN, Sun HF, Wang JY, Qi Q, Liao JX. Adversarial and domain-aware BERT for cross-domain sentiment analysis. In: Proc. of the
58th Annual Meeting of the Association for Computational Linguistics. Association for Computational Linguistics, 2020. 4019-4028.
[doi: 10.18653/v1/2020.acl-main.370]

[42] Xue QM, Zhang W, Zha HY. Improving domain-adapted sentiment classification by deep adversarial mutual learning. In: Proc. of the
34th AAAI Conf. on Artificial Intelligence, the 32nd Innovative Applications of Artificial Intelligence Conf., and the 10th AAAI Symp.
on Educational Advances in Artificial Intelligence. New York: AAAI Press, 2020. 9362-9369. [doi: 10.1609/aaai.v34i05.6477]

[43] LiBH, Hou YT, Che WX. Data augmentation approaches in natural language processing: A survey. Al Open, 2022, 3: 71-90. [doi: 10.
1016/j.aiopen.2022.03.001]

[44] LilJJ, YuJF, Xia R. Generative cross-domain data augmentation for aspect and opinion co-extraction. In: Proc. of the 2022 Conf. of the
North American Chapter of the Association for Computational Linguistics: Human Language Technologies. Seattle: Association for
Computational Linguistics, 2022. 4219-4229. [doi: 10.18653/v1/2022.naacl-main.312]

[45] Zhao WX, Zhou K, Li JY, Tang TY, Wang XL, Hou YP, Min YQ, Zhang BC, Zhang JJ, Dong ZC, Du YF, Yang C, Chen YS, Chen ZP,
Jiang JH, Ren RY, Li YF, Tang XY, Liu ZK, Liu PY, Nie JY, Wen JR. A survey of large language models. arXiv:2303.18223, 2023.

[46] Brown TB, Mann B, Ryder N, ef al. Language models are few-shot learners. In: Proc. of the 34th Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2020. 159.

[47] Touvron H, Lavril T, Izacard G, Martinet X, Lachaux MA, Lacroix T, Roziére B, Goyal N, Hambro E, Azhar F, Rodriguez A, Joulin A,
Grave E, Lample G. LLaMa: Open and efficient foundation language models. arXiv:2302.13971, 2023.

[48] Jiao WX, Wang WX, Huang JT, Wang X, Shi SM, Tu ZP. Is ChatGPT a good translator? Yes with GPT-4 as the engine.
arXiv:2301.08745, 2023.

[49] Wang ZZ, Xie QM, Ding ZX, Feng Y, Xia R. Is ChatGPT a good sentiment analyzer? A preliminary study. arXiv:2304.04339, 2023.

[50] Gao TY, Yao XC, Chen DQ. SimCSE: Simple contrastive learning of sentence embeddings. In: Proc. of the 2021 Conf. on Empirical
Methods in Natural Language Processing. Association for Computational Linguistics, 2021. 6894—-6910. [doi: 10.18653/v1/2021.emnlp-
main.552]

[51] Rose S, Engel D, Cramer N, Cowley W. Automatic keyword extraction from individual documents. In: Berry MW, Kogan J, eds. Text
Mining: Applications and Theory. Chichester: Wiley, 2010. 1-20. [doi: 10.1002/9780470689646.ch1]

[52] Zhang ZS, Zhang A, Li M, Smola A. Automatic chain of thought prompting in large language models. In: Proc. of the 11th Int’] Conf. on
Learning Representations. Kigali: OpenReview.net, 2023.

[53] Pontiki M, Galanis D, Pavlopoulos J, Papageorgiou H, Androutsopoulos I, Manandhar S. SemEval-2014 task 4: Aspect based sentiment
analysis. In: Proc. of the 8th Int’l Workshop on Semantic Evaluation. Dublin: Association for Computational Linguistics, 2014. 27-35.
[doi: 10.3115/v1/S14-2004]

[54] Pontiki M, Galanis D, Papageorgiou H, Manandhar S, Androutsopoulos I. SemEval-2015 task 12: Aspect based sentiment analysis. In:
Proc. of the 9th Int’l Workshop on Semantic Evaluation (SemEval 2015). Denver: Association for Computational Linguistics, 2015.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.18653/v1/2021.acl-long.188
https://doi.org/10.18653/v1/2021.acl-long.188
https://doi.org/10.18653/v1/2021.acl-long.188
https://doi.org/10.18653/v1/2022.acl-long.395
https://doi.org/10.18653/v1/2022.acl-long.395
https://doi.org/10.18653/v1/2022.acl-long.395
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.18653/v1/P19-1591
https://doi.org/10.18653/v1/P19-1591
https://doi.org/10.18653/v1/P19-1591
https://doi.org/10.18653/v1/2020.acl-main.370
https://doi.org/10.18653/v1/2020.acl-main.370
https://doi.org/10.18653/v1/2020.acl-main.370
https://doi.org/10.1609/aaai.v34i05.6477
https://doi.org/10.1016/j.aiopen.2022.03.001
https://doi.org/10.1016/j.aiopen.2022.03.001
https://doi.org/10.18653/v1/2022.naacl-main.312
https://doi.org/10.18653/v1/2022.naacl-main.312
https://doi.org/10.18653/v1/2022.naacl-main.312
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.1002/9780470689646.ch1
https://doi.org/10.3115/v1/S14-2004
https://doi.org/10.3115/v1/S14-2004
https://doi.org/10.3115/v1/S14-2004

2R F KO 2 AR IR B 04 S5 ATUR B M BN B AT 659

486-495. [doi: 10.18653/v1/S15-2082]

[55] Pontiki M, Galanis D, Papageorgiou H, Androutsopoulos I, Manandhar S, Al-Smadi M, Al-Ayyoub M, Zhao YY, Qin B, De Clercq O,
Hoste V, Apidianaki M, Tannier X, Loukachevitch N, Kotelnikov E, Bel N, Jiménez-Zafra SM, Eryigit G. SemEval-2016 task 5: Aspect
based sentiment analysis. In: Proc. of the 10th Int’l Workshop on Semantic Evaluation. San Diego: Association for Computational
Linguistics, 2016. 19-30. [doi: 10.18653/v1/S16-1002]

[56] Toprak C, Jakob N, Gurevych I. Sentence and expression level annotation of opinions in user-generated discourse. In: Proc. of the 48th
Annual Meeting of the Association for Computational Linguistics. Uppsala: Association for Computational Linguistics, 2010. 575-584.

[57] Kingma DP, Ba J. Adam: A method for stochastic optimization. In: Proc. of the 3rd Int’l Conf. on Learning Representations. San Diego,
2015.

[58] Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of deep bidirectional Transformers for language understanding. In: Proc.
of the 2019 Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Vol. 1
(Long and Short Papers). Minneapolis: Association for Computational Linguistics, 2019. 4171-4186. [doi: 10.18653/v1/N19-1423]

[59] Ben-David E, Oved N, Reichart R. PADA: Example-based prompt learning for on-the-fly adaptation to unseen domains. Trans. of the
Association for Computational Linguistics, 2022, 10: 414-433. [doi: 10.1162/tacl a 00468]

[60] WeiJ, Zou K. EDA: Easy data augmentation techniques for boosting performance on text classification tasks. In: Proc. of the 2019 Conf.
on Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing (EMNLP-IJCNLP).
Hong Kong, China: Association for Computational Linguistics, 2019. 6382—6388. [doi: 10.18653/v1/D19-1670]

[61] Ioffe S. Improved consistent sampling, weighted Minhash and L1 sketching. In: Proc. of the 10th IEEE Int’l Conf. on Data Mining.
Sydney: IEEE, 2010. 246-255. [doi: 10.1109/ICDM.2010.80]

B o 3253 32k -
[4] FXFE, Zedx, XUHE, SCASTE RO BT, 82441, 2010, 21(8): 1834-1848. http://www.jos.org.cn/1000-9825/3832.htm [doi: 10.3724/SP.J.
1001.2010.03832]
[5] BMEE, THREM, 2ME. BEIUISSCANE B4 FHE O . BF244R, 2020, 31(6): 1723-1746. http://www.jos.org.cn/1000-9825/6029.
htm [doi: 10.13328/j.cnki.jos.006029]
[24] /NS, ZEBY, o, B E . 5T EE S R 2 1 JE 1 J s A 9. AR, 2023, 34(2): 676-689. hitp://www.jos.
org.cn/1000-9825/6667.htm [doi: 10.13328/j.cnki jos.006667]
[25] Vo, ZRUEHE, XU, BE 2, FEGE SR, T2 REEE S UEIRT T 0 T g s A . RO s B R, 2021, 35(10): 128-136.
[doi: 10.3969/j.issn.1003-0077.2021.10.015]
[26] E4 R, AR HT K. AR T B AR M0 4 (1 kg O TS 4 BT o SUAE B AE AR, 2022, 36(10): 135-144. [doi: 10.3969/.issn.1003-0077.
2022.10.015]
[38] RXJGHE, B pE, AFE %, XUEAK, BB, W BT R A 1 R R R R AL I A T 1 . T SCAE B AR, 2021,
35(6): 93-102. [doi: 10.3969/j.issn.1003-0077.2021.06.010]

FFR(1998—), 5, Wik A, FE=w F ol A BE#H(1967—), 5, ML, HZ, LA R,
SRE T AL B, 5 RS HT. CCF 73 & 5, EEWF TSN B IR 5 AL EL.

- g—
L

an

FhiE(1987—), B, 1, Bl#IZ, CCF Lk
51, FE TR B ARE A EL, AT

© PEBEERKCEIFR  htps/www. jos. org. cn


https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.1162/tacl_a_00468
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.1109/ICDM.2010.80
http://www.jos.org.cn/1000-9825/3832.htm
http://www.jos.org.cn/1000-9825/3832.htm
http://www.jos.org.cn/1000-9825/3832.htm
https://doi.org/10.3724/SP.J.1001.2010.03832
https://doi.org/10.3724/SP.J.1001.2010.03832
http://www.jos.org.cn/1000-9825/6029.htm
http://www.jos.org.cn/1000-9825/6029.htm
http://www.jos.org.cn/1000-9825/6029.htm
http://www.jos.org.cn/1000-9825/6029.htm
https://doi.org/10.13328/j.cnki.jos.006029
http://www.jos.org.cn/1000-9825/6667.htm
http://www.jos.org.cn/1000-9825/6667.htm
http://www.jos.org.cn/1000-9825/6667.htm
http://www.jos.org.cn/1000-9825/6667.htm
https://doi.org/10.13328/j.cnki.jos.006667
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2021.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2022.10.015
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010
https://doi.org/10.3969/j.issn.1003-0077.2021.06.010

