RAE2EHR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software [doi: 10.13328/j.cnki.jos.007156] http://www.jos.org.cn
O A B S BT RSB Tel: +86-10-62562563

KBS BRI B R IE BT
Fitk, ItW, REH

(IRPR 2 TN 5 HOR B, T35 754 215008)
B E1E#E: £ A, E-mail: wangzq@suda.edu.cn

W B BRAEBNSEA—Fr e BRSOk, AMAETS LA T PAHEATEER. KM, MAERAR
PEARFe e KP4 B A T IZ VAR R LRI SLANR A B I, 14T 55 AR Bt B BT B e B AT S0E R R VA BB AR
Bh BAFARI ARG £ FF IR, BT OA F % HIBH3% 7 5K B AR M3, (2 I 77 ik A AR AR A
FEIRER . BME—UBSHFELS BARE TARFFA. A T oRX kB8, 28 —F AT KiEZAEE (large
language model, LLM) #4538 5% 9 35 AR 3% B, ME R B AR 77 ik P AR 77 i AR KARA 5 #9355 4R, & B 4T
XIS ARIR B B T AT AE 509 5] 535 40, 3530 B ARATUR S IRATISAR MUK, 181 £ F U 3 69 77 X, AR 47U
RIRXALIF 5] 5 LLM A AR B ARAURA 472 SRS, F AR & B ATATIREIE B ZL0A BARISAF M 1R 2R, AN A7 2
RS IS AR IR v SN B AT 6 e A M e A, TR T R E S A A R RAE S ¥ #AT R, R RA, &5 kT
VAT BRI BARR A 35 AT 388 1 RN B AT o 4 L.
KA B BAF RO, KB AR (LLM); £4 5 3 ; #4B %, AsiE
PESESTES: TPIS

s RS ZERR R, T, JE ERR. U S AL SRS I 1 P G A BT A 24 http://www . jos.org.cn/1000-9825/7156.
htm

g g A& Li SC, Wang ZQ, Zhou GD. LLM Enhanced Cross Domain Aspect-based Sentiment Analysis. Ruan Jian Xue
Bao/Journal of Software (in Chinese). http://www.jos.org.cn/1000-9825/7156.htm

LLM Enhanced Cross Domain Aspect-based Sentiment Analysis

LI Shi-Chen, WANG Zhong-Qing, ZHOU Guo-Dong
(School of Computer Science and Technology, Soochow University, Suzhou 215008, China)

Abstract: As a fine-grained sentiment analysis method, aspect-based sentiment analysis is playing an increasingly important role in many
application scenarios. However, with the ubiquity of social media and online reviews, cross-domain aspect-based sentiment analysis faces
two major challenges: insufficient labeled data in the target domain and textual distribution differences between the source and target
domains. Currently, many data augmentation methods attempt to alleviate these issues, yet the target domain text generated by these
methods often suffers from shortcomings such as lack of fluency, limited diversity of generated data, and convergent source domain. To
address these issues, this study proposes a method for cross-domain aspect-based sentiment analysis based on data augmentation from a
large language model (LLM). This method leverages the rich language knowledge of large language models to construct appropriate
prompts for the cross-domain aspect-based sentiment analysis task. It mines similar texts between the target domain and the source domain
and uses context learning to guide the LLM to generate labeled text data in the target domain with domain-associated keywords. This
approach addresses the lack of data in the target domain and the domain-specificity problem, effectively improving the accuracy and
robustness of cross-domain sentiment analysis. Experiments on multiple real datasets show that the proposed method can effectively
enhance the performance of the baseline model in cross-domain aspect-based sentiment analysis.
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B R KB T AR IR 3 09 35 358 b AU B AT 7

BEJEEEXS [y 05, h0] € H, [, B, hi] € H, fRRIFAUEAERE G, Hor,

Gy = Sim (I, 1) 3)
BT,
Sim (i) = et m h;'l’ @)

75 RIS H AR SR SCAAR LS G Ja, B0 H PR A x!, TH 55 H 0 B IR ATUSAE A Top-k AL,
B Topi™ = {Gi,.j» Ginpo- -G} » Fe . Gy 2 Gy > .. 2 Gy 5 Bl SO0 o, 3 XTI 158 05K A A 0L S A
Kt EE A a;= (le,xﬁ),(xfz,x;),...,(xfk,x;.) . &1 3) B bR ERE [}, 5., %] € D" TR N YR A Top-k FEANT 4
B A =a,a,. .., a;.
2T SRR 8 A R B H Bh 5B 3 HL (rapid automatic keyword extraction, RAKE) 5y {1t 3 FH Al S g a] 1)
RIS R 2 SR AR Jy— i A DSBSt BBV, G v SR B 1] 5 A B 3 S R S B AT A Sy L R
FERITE S5, NI RES B 3 A SCA RIS AR . AR SCHE I R B TR SR B bR IO AR A BB A, DABR
WUH GBI TE . X LeSCRRT AT W] L S B HA VR 0B B A R 1Y) AR s R AN 32, HETT 5143 LLM 38 g A il 5 X
S AR AN 2 R S ) SUAR.
£ RAKE 531 M I A v, AR ST H FRAIHEAE A o, , 1 S IR H AR U AR AT B o, 1E 95N,
IR G B S T 1A At AN R A0S 1R SC B RV S AR L A5 73 568, AR SO A st AR 43 B i Y Top-P /> 1
VERIBERSES &, T EIR MBI 5 SHE A T, LLGI 38 SRR A BOUR. |5, A T IRIEAE BUOCAR 5 4 BT REAR )
JEPE A G, A SCK 2 HTREAS IR J8 MRV D SO B AR N B 5| B A b, 8 I I R Ty sUEASHE SRR AR A
SCAR IR B8 DG J A 1), AT A B BE AR VR AT AT B B ST SOAR.
23 ETXF3
BiF LLM A8 RAWTiR &, bR 30 2 J5E C O A LLM ok 5 AR 5 A3 in) ) Brva =X, LT b
FICHE R A BA S D B (s 5, BUAT 2 ST 45 4R R I 58 OCA TR U 4 3(b) BR, e B R S0 S HR A AT L
TRk E X
C={L(x,d. ki, ), (X, d. k. 33) oo (3, d Ky, )} ®
Hrh, C RRAAEH e iaR S, TN SUSR LRI BT 5548 7m A & SUA, d N BARSUSZ R, n 9N
INBIBUR, K, ROREEIAE S, X N HARSURITIE SO, B H BRI A B Z 448, A LS % Zhang S A PP T
&, fEFe 7 o & TR NNy, 9 R ARARZE.
(A, T B R SCaE 2I LLM A BLE SUA:
P(.Yj [ x)= fLLM(th’x) (6)
$ = argmax(P (y; | x)) )
Hrr, 94 LLM & HI8 448 AR B bR SUEE AR AR,
24 HHEAEGE
LLM {E A SOAA: sl Y, AN W S A I B 458 . R b, A ST LM AR i R SCA B 80 16 AT e
BEAALER, CAEBRA LB M RS | AR B T0 RO, A ORI 0I5 A il o B R0 22 RE A, S 3(d) . ELASR i,
AR SCRE UL 15 it ) 30 5730 STAE . MIBRASET & TSON Bdli i sCRIARE A, M BRAR S 4 R AR AR, A SOl SR 46
ELE 3 BEEARNRRE, BN Y = {positive, neutral, negative} , R, 2442 SRR A HIARSEAE E SCHIRR A& P, R4
H 8 R RS R TR B T3 SCAS v A5 8 T T PR R R AR, B DR A P SCAS BHiE 5 8 7 PR PR A AR O Tk
R /N T 6 IFEAR, T IR AR U SCARBOHE 7 5 45 02 10 0GR, I DR S SR 2 AR . BBk E S REAR, 1
DRA R STAS KGR 1 22 R PR AT SRRV
2.5 HRAN)IZ
AR N GRFE A SCA A AR TS TS AR HE R DLIRUE AR SC 776 M. TS 52T G i 3 - 25 285 44



g HAR AR wrrnd oo e

PASEMSCAAE AT 5. A SO B VE RS I A S A TR 1R S IV UE S B B SR X =[x, % .., X,
ST TS BB Encoder /015N SCA X ity He, Rl:
H® =T5Encoder([I,x,,x,...,%,]) (€)
Hp, H e R™ | d RRGERZHELE, 1 RTE41EA); IhAh, A T R A, X AW T B 3hdsmn <\s> 451 f7F.
BBERA X =[Lx,x. .50, UEAREFFIY = [y,....y.] WA AR g A i mT DU SRAL I 58 SO
Py IX) =] [POiIxY) ©)
ASCHERIET LIS TS BB A i SCAR AR SR A SCA RS SR IT B — B P= PO | X, Y) . Bk, @it 1
TR SIS R He 5, B HENIE T TS BIOCA MG A, sl He FI Y 1T 2 BT SCARRRD 2 rH s v, Skt &
p:, B

hf = T5Decoder(H“; Y<,) (10)
HrA, hde R, h' Jy Decoder i 25 BR S E M=, M
P = Softmax(W],hf + B,,) (11)

He, w,, B, YIRS H
S FAE RAANER P, J5, PASE SIS BR B S B bR B B, 38 AN Wk /N 38 OIS 4% 5% BR800 4B R 1R 5 R 2R S B
M 58 AR A Rl 5.
L= —;;yfIOg&i+glﬁ>~lz (12)
Horb, i NBIEREARIIR S, JONFERRS], v N bR, SO TIA SR, NOAREAR RS, K ONIAR KN, 6,8
TSR, Ay L2 IENSHL

3 X I

3.1 TEHIESSWEE

K 30§ Restaurant, Service, Laptop, Device iX 4 N7k & F (1) 3550 8 PR s I M Bdle 42 70, /g 10 4
(A, HARAR) BR X FR, AR MALEE A, &K, F05, & a8 M0 VP8 2048 (https://github.
com/bleunlp/CCD-ASQP), 25 bk v H v To @ PR (U FE A, # 4 A>rh SO MG o3 b B St s FH DABRHIE AR 3¢
7 EAE B AT R Y B WA 55 R A e Ho, AeS Tt gE U, MIER T (Device, Laptop) Hl
(Laptop, Device) BN & SCPF U, BN AP Py 780 T4, ¥ DA VTR 2 195 A3 S P 1% A BT e 0. VR
AR AT L 1.

* 1 ERHIESIT

AU 44 B RS MR EE 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

BEETF R 615 369 600

AT A 2E T LM K 18 56 (1 5 AU PR 17 13 607 1 A ChatGPT {09 LLM B, i API %
FI ] gpt-3.5-turbo-0301 S A 3G 5 A 55, 4 S EHE W03 1 o, [RIIE, 87 T5-base #E AUy S AR R, LA


https://github.com/blcunlp/CCD-ASQP
https://github.com/blcunlp/CCD-ASQP
https://github.com/blcunlp/CCD-ASQP
https://github.com/blcunlp/CCD-ASQP
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U5 LLM EdE 350 (194 3. 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 AR AR T F R 250, LLM A 5 B temperature SRAE#E 2
BN 0.2, FEARBIEE n BN 3. hab, ARSI S5 FONBENYI G S HOE HE R 00 3 KB P4 R,
P HEW 2R (accuracy, Acc) 1E AN TR T,
32 MHEAESENER

PRl AR SCBE R A Rk, A SCIRER T 3 RIELR BRI IEAT S A nf b, 45 R W3R 2. Horh, BERTPY, T5P2,
BARTP ™y FI IR AT AR, ChatGPTPY 5 LLaMa™™ >y LLM, ADSPT!', PADAP”, ACSCP Hyil #1145 9 3
PR 5 AR R B TR IRY DS S o 3 kot b 7 vk ) T S 4.

T2 ARCHRL G EEA R AT 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 SR 2 B e 5 2R, RIS B 9 M a5

BERT, B8 FH U5 S50 )1 25 5004 % Bert-base #5881 #E47 i, B8 5 A8 H [CLS] ) & 58 Ji H A 580 11 2% 1 1%
53 HAT%. T5 5 BART B A TS5 55 BART TRUIZRA BT, 28 U8 S80I 2R 403 O J5 B L A RIE S it H
P A4k TC b 282 S 4 3] PR 175 IR AT ). ChatGPT 2 — 2 T GPT-3.5 2444 1) LLM, 1A% B idad KB S5 4 el 48
AR, 2 BARE S AR S PRSI T ORI AR T, AR SO H R H T B AU R R 4 IR AT 45
LLaMa =T TR LLM, £ 2 A B 205 5 B AR5 h AR R B 17y A= e R IR 3RO BB 7T, A S0 #: T Alpaca-
LoRA (https://github.com/tloen/alpaca-lora) {5 F ¥ 415k Il 5 246 X LLaMa-7B 34T 5 4 AL, F LA 52 55 4383
PG 1% K4 T 4T 55 ADSPT SR A AR AR (soft prompt) 3 HUAGI8URE A RFAIE 348 A X 1 5% = 7 163145 U A A8 oy
A, AT 56 B IP5 ATUE R I8 43 BT AT 55 PADA 388 3 ) A9 481) 2 A AR 3t S Y A0 5 AR AR AE, R4E T TS 1) 4w
A5 43 56 F I AR I 1% R AT 55 . ACSC ik TN A8 A TR AR et 7Y 56 B 19 403 i 14k 4 13 IRk 4 i LA

M 2 (s Be 45 B n] LA, BERT #5872 15 45380 J M 2 1% 8 43 T A 2% b IR SR AR X B 4K, 3 W] i =2 1
T T I 1 2 50 1 I o T AR 5 T B AR, TR b At v Ak MR ZE L SRR, TN SR AR AR EY TS A BART IR
TUAR KT B0 . PR AR B B AT DL T B ARG 5 SUA R IR MR 5 18 e S8 1t 0 47 8 40 AT A 55, A0 45 HC7E A B52 85 403 A
S B2 ALRE /7. KB S A ChatGPT 1 LLaMa {3 LN S T 2 RFRYI 2B/ BERT, JF H 5 T5 1
BART [#3R BUAH 2. IX AT R K LLM R 4% B 4 1th 730 J&8 41 0 IR 0 AT AR 55, DT A 2 1) ek 72 AL e
JiT LATE 22 NSt xt e R IR T5 . Ak, $i5 & PRI I 5 v 4% i 7 LM 7E 155 4504k Je8 14 20 155 % 4 A R R L. (LA
AR SCIR SRS TR I, LLM X T mh 4 155 8 10 IR R 78I, B 3 550 LLM 1)~ S50 AR 18 258 T Bt 5% 8 U 1% Rk 4
BT AR 55 H%F E L ADSPT. PADA Al ACSC YRI5 ) €8, X AR 7R 380 e 5 (1) SRS O Ak 22 265 408K AF: 55,
4 ADSPT 5 FH BRCBLAR A% Bt 2 =J SR 3R LA AN A8 REAIE, PADA 38 i ) 2 A 48] 0 B Sk fa 7 R 4913 5 H A% 4
BURHIE, ACSC N385 A5 F T 25 A2 OB AY S5 AR 58 1 JA M G A IR 20 AT A 25 e 4b, AR T il ad 5 A i
XTI AR R 1 2R AR IR 3 BT A 45 K 51 B A, 429 B AR A 5 R SO B SR I i R 30 ) T 2048 A 4
SR ORI S B 1] 51 ALY AR i H bR S b 25 SCAS IR, A R M AU 22 S ) R, 3 TG R A AT SRR P R 1% IR 3 A
T3 VEAE s AU ) R R L. ForP, AR SO IR ARER ChatGPT, £ £ /MU 1P B HER R PR T 2.3%, MHET


https://github.com/tloen/alpaca-lora
https://github.com/tloen/alpaca-lora
https://github.com/tloen/alpaca-lora

10 BRAP AR Hrr e B o G w Sl

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%
TE DAL S, IR, 78 2 AN Bm 4 B 0 75 R 00t 158 B AR SCRT R H oA 8 EL A S s i A 1k
3.3 hMBIRELNER

N T BRAEASCIT AR FIRE 5 Bl 2 b 50 R4k, AT ISR B 43 L &8 AU vh SCPRB B AR v - 2807
I ZREE, JE20 S Ok B 4= 90, B K BASCE BETT S48 ) o SCIT AR B AR 4. AN, AR S da i e 2
FAT (https://huggingface.co/bert-base-multilingual-uncased, https://huggingface.co/google/mt5-base) 1l Fl £ & = 4%
R PSR SO BRI ZR 5 M0, 32 3 sSEEG 45 RAR B, A SCETE th SCHUR S8 th A BOR A . ES
IR P02 VR IR AR, i T IR 5 M AR vh AR A (i Z2 0K, BRI (R R I . (B I R A
UGS GA SR I T LLM (W8 85 50 07 1%, i e 24051 T R AL AR il B AR AU AR R 458, T DU R s
72 I, MNTATAT 28092 o 5 SR AL B T v I R .

R 3 PICHAR R R IR G R (%)

FiR -4 K BREFF G
BERT 77.59 57.60 85.63
BERT+A X 714 86.27 81.98 92.68
T5 84.31 65.66 86.72
TS+A LT 91.60 83.18 94.85

3.4 HRASEIE

N T B B E A SO RS AR AN 0, AR e FH AN X P A R ) A SR VAT Y R S AR T
T, i RWFR 4 s, E ok, 2B LLM $URIG 3R 05, AR SCVETE AN U0 dr IR I (EF3) A HOR T I%,
Hp S - LA R N T 9.94%. BT LG H, 2F LLM FIEE 5858 @l 5385 5 LLM A2k
H BRAUEAG AR 208, 0T DUA A S AR AT 22 5 1)L, T SR A A 8 ot e 8 A0 S8 P A7 IR A W AT 55 R M . M 25 B
EFXT LLM $04 358 00 B R S0 213 i, BRI 98 4515 LLM A= 5 B AR U80E bR 2 8008, BE8Y (1 1t se AR
WP R B, BB Z BRSO 48 51, LLM AR M AR B & T P G 15 188 o BT AT 55 (R 500, AT S5 SR 2L 14 B 1Y)
KUE R R Ak, 25k S B i R 7~ AN TSR TR A7 23 PRSI B (1) 1k B, BN, B 1A 3R 15 B 5 bR iR 77 vl LU
35| SRS A IRAIR(E B, AR AT B ARSI R IR SR BE. [RIBT, AR 200 (¥ SRR 32 T LU A0 S0 A
HE RN 2R, TSR MR AT 22 5 e . DR abt, A Y A S Bt U B, AR ST vk RO [RS4SR
PR NG BRI FAL S E H .

F 4 HELSZIGSE R TR (%))

FETRY S—L R—L
AT (TS) 80.03 82.73
~LLMZHf 48 5% 70.36 78.29
-3 70.81 78.90
i ATIE AN 74.22 79.57
AR IR AT 78.71 81.15

3.5 TRIHIEER S KER A ERE LI

N T RAEASCIT I G I S A R, AT 3 AN 00T, R ASCH 26 T LLM $dli s 5 1) 05 7% 5 A A
S 38 9 7 10 22 AN RS [ 4 1 S AL AT ot b, EDA R G 5 U7 vk, DATLMU IR T
TR SR PR R 38 8 77 .

RS R LUA W, A SCHE Y A2E T LM K8 38 55 (1 75 92 R] DUA R AR T 2% S5k AR TR 1 15 s 1V 2 175
EOHTAES HIIPERE. Hob, ££ S — L GUgx b, i T 082 I BOR, 5 FTE AL 1Z AU 1R BLARAN (2, (B4


https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/bert-base-multilingual-uncased
https://huggingface.co/google/mt5-base
https://huggingface.co/google/mt5-base
https://huggingface.co/google/mt5-base
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e ALY v Ao P A SCHR Y 2 T LM B0 38 6 ) 05 3%, e TG S A i A 1P 2 ) 1 K 3 A 55 14 5
TE A, RGNS OB A B H AR U FR RS R, T DA R AR AT 2 S 1R, AT AT R R A SR T R R
BL. BEAh, £ D — R 5 R — LU b, A SCT7 i A 50 A B4 389 568 05 32k, T DASE 0 A 28t v ik A AL 1) R B
BRIk, A1 S B th Ui WY, AR SC 5 92 RT DL A 0 I TE 2 R S A AR, 4 S I A RO A 5 AU R 1 ) 1
I RAES.

K5 NIRRT FE IR AR SR 45 R (HER . (%)

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
AT 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
AKLTT 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 T7iF: 78.91 84.05 79.02

3.6 LLM %A

N [ A3 1) ) SCAR AR RS 22 S 2 A R R % A ASE 2 B8 e 25 A4l J A 4 AR SRR A AT A 55 R P e, BRI AR T st v
SRR [F) 40 ) SCAS A St (Jaccard similarity score)®, MM B6IEAS SC3ET LLM $08 3 58 (14 7592 7] LA 2o R e i
IS B ARG SRR, Wil 5 FR, ARSCER 5 A (IR, B bR Ssnt A HEAT SR8 Ho, 43l
A5 IR A HE 5 bR U, DL R IR S BOHE TR A AN SR T LLM 3R AT B0 3 5 i Bis, 3 AT SCARARALEE T
BB S B RHTT LUE H, ARSCEET LLM BOa 386 55 10 7 VA 1E 2 A [R) Asons e 38T DA 5o B v s S A A
ABATAE, B AR SC T V20T Bk A [R] ek R ) SCAS ZE B R R AL

205
5]

g 0.43
7 04 0.38 0.39 037 0.38
£ 03

£02t015 0.19 0.15 0.16 0.17
o B H
Q

2 0

(D.R) (D.S) (L.R) (L.5) (R.S)
o JRAUK o ATTE

5 LLM 2RO R 23 #r

N T HE— BRI LLM SCARA OB, ASO LLM B A2 B S E B 2847 PR i SEER 45 R ansk 6 Fiw,
FErp Bedhaas AUAN L C 9 A4 OB AR BE I A2 A SCBEE Y JSON A% A EK; TARSE AN — 28, WIA24RAE LLM AR H bR
SN Bt b, I T R R IR AR T € AR R AR AN, HAR R AR R C A R B R . DG BREA BRAR A. S
g R IR, £ LLM AR R B Rt v, B i AN DL RCRRRZE R o A B L. 2R, S SRR S
HALE, LLM R A i B LB A BAIR, SRR WIACSCER H 93 T LM A H5cdis 18 o Sms B4 v (0 8 e 1.



12 AR AR wrrrdp xR G )

F 6 LLM RS 5 E o it
Ak 44 FR Ry SR B AT FRZEA—EL oA a8 15% Ei e

Device 1394 7 8 1 1378
Laptop 2297 20 11 9 2257
Restaurant 2600 8 13 5 2574
Service 1840 18 13 11 1798
K 855 10 8 6 831
440 613 7 11 8 587
BREFF G 615 6 4 5 600

3.7 HERHEGIS R
FEF 6 IREG] 73 HT Hh, AR SC DL T SO IR AT, FLR TN H AR UK, s 1A SR LLM BEAT Hdis 48 9
(RIFEG].

JEL U FL I TR T 18 SR

{“aspect”: “microsoft software”, “sentence”: “Everything is so easy to use, mac software is just so much simpler than
microsoft software.

LLM 7R fi 4 LLM %t SCA

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 sofiware 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 FepiloHr

T, BT U R A SO 1% R WA 5, A S A BRI 5 415 A (instruction) AI BL 5§ LLM %€ & H 4540
SRS G A AT 55, I HAESR 7515 FU T WA 4 15 Bhn 25 28 0 5 i R R 2, Lok, Sl 42 H A U 5 U
U AR BA ST, S HURE 1) 2530 1) SCAS A2 il S B 31, A inpud HPRL 5 IR DG B 1], friendly SRS T4 T A, HAR 06
SRR SRS T RN I TR SR, A SO I M A G Ik S B R, e b TR S 2T A T 51 S v A B E
SUHA bR 25 SCAHE . L & 6 W LUE Y, R T AR SCROTF M IE 154, LLM AT DA T S g 1A 5 2 HE A e td H
PR SCA N 2, SUAE B, B RS RS BUE B, RN B A B A SR . TR, A SR A
T LLM 405 58 5 U7 v T LAAT 280 22 8 I AR AUk B =2 o 26 HHis 10 i A, DA T 4 B A 7 T fe e 5 40 128 4
TR TS
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4

=]
ns

o

BT 5 AR A28 20 7 0 A o AN IR A 2 18] R S 93 22 57t LA i X AU = A B 500 (0 M, A SR —

it T LLM 5 550000 18 5 1 95 A0 g e 0 17 8 43 A 1. %0125 6 HE e IR L A A0 B 2 R Al e 5 e 1 ) A
i B A X 2 U RSO T A 55 1 51 1B A, 240 H AR SUR-S YRS OO, If iR B S0
ST 75 2 A P AT ORI G B ] 5| AR 2 e A AT AR 25 SOA KA, A3 R0 ke I b T s e = DL AUy 5
PR, BEAh, ASCHE 2 AN B Th AT SC I8 2 B, SEIR S5 RAR A SO EAE 2 M gk LR skl b B 25 58Tt 1 2%
LRI TR RE, I HAEAS AN il 2 H TR DU S R SR L B rp i v HL A R

RSN 20 MBI U5 R 2R AR T B ARG 4% 1 (O SCAS AL 0T i, LA LLM AT g £ KD SEBL, M52

el A RO (R AN SO R A e iR SO A ST i, 58 OE N R R T I TR 55, Bl in i ik = o2 sl Pl oo
TIPS, G Bt DHES R RO MT U A RE, 8 LLM e 5 ST U ER AR AN S0 A SCA P S S 2.
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