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Abstract

Zhuang, the most widely spoken ethnic minority language in China, has long remained a low-re-
source language in natural language processing, with sentiment lexicons and other fine-grained se-
mantic resources still absent. This paper traces the methodological evolution of sentiment lexicon
construction and focuses on three emerging technical pathways enabled by large language models:
human-in-the-loop active learning, few-shot in-context learning, and parameter-efficient fine-tuning.
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Each pathway is examined in light of the current resource conditions of Zhuang. The analysis reveals
that three intertwined challenges, namely insufficient pretraining coverage, the limited structure
of bilingual resources, and the scarcity of specialized expertise, prevent any single technical path-
way from independently meeting the demands of Zhuang sentiment lexicon construction. A flexible
combination of traditional methods and emerging approaches, calibrated to actual resource condi-
tions, is therefore necessary. Among the three new pathways, few-shot in-context learning offers
the strongest fit for current Zhuang research, owing to its lower technical threshold and reduced
reliance on pretraining coverage.
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1. 5|18

15 BT V5N H SR 1E 5 AbPE(Natural Language Processing, NLP)HI#Z CT 45 2 —, EE A A S 44 W 0
LR RE BRI S AEAG BT S o A IR B IS R BT R TR UR, R G R A AR
LR EE R R, @ 1A B VT SEE A B (TR A AR, W N RS R RS
5 TR E RS RO TR, HER) TR RO TR R R R . AR, ARERZ) 7000 FHIE S Y, AU
H PRTE S A TSR NLP B3R, I 90% M & A Bl e i TR @ iy ™ e [2]. IRBIRIE S
(low—resource languages)if 4 € A PR 55 45 08 A v B0HE B35 B B2 U5 R Mk LA 2808 A SRR R IR
Sy HAGEMINAE — @ SR B Z AR DB RIEE S, BMCE T XA FIRIPEiE S A% 3], &

ﬁfﬁﬂﬁri’]@ﬂ#ﬁﬁﬂ%T SETE SR AT BOR I R R, A HLfS A A S At T S BRI
FIE A E R

HERREMHANORZHDBRFIES, MHE BT 2000 /5, EESME T =/ ] REH.

VERHAE R IAREMEE 5, B AR EEE HRMRR R SR S5 15 R A 77 0, (H7E NLP S KAk
THAFMRE RS . B RGR SRR R R SR, BEEEHL THAEEERS . iR,
LA TS T TS IR . IR, jUn = BT (Large Language Models, LLMs) fH3 /7 f IR B IR
B S AR BT R TR T IE S ITINL4]. ARSCUIHAE B G0 G, B Ik ] A T UV I g K
4, HL B ERTE T AR I AT % &7!(1?%11, SEE TR I BRI A S B AR R TAT R, DU
AR AR R W) R R R S .

2. [RRRIA AT IR A

175 R PR A T VR AR S SRS 22 e AT AN DY R LR EE S N AR IBRIREIM ST 5. B
TINCERERY R, UAEE S TR 50 . TxRmES R BB E VBN ETT A,
ﬂ]\I?ﬂlﬁﬂ/Kﬂ?ﬁEfﬁE}Zﬁﬁm TE i — B A5 A %, General Inquirer 5 MPQA 45 55 17545 8 1] #iL
ER4 HIX — B AR ER[S]. &7 NS ThRE R ERE . 11, HHENET NI G e, MY
JEZ R igﬂgl:zﬁﬁ‘]?fﬁﬁﬁ{fw ERIDNG L 857 NI 1B U 1 PSS 2 5 W o 1 o = Wi = sl o e P |
I, MY R R U ER, (HRTIRE BARE 5 AW 1 SORTERH 6] X TH: 15 1 28 SUA B M 1Y)
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WM, RS AR R Y] P A U SR IR S

FT RN PR T R DT A B T8 SCHRUR, 38 1 [R] SR 5% FOREAT 1 1 S R S Dy 1 K
45, SentiWordNet 21X —Hft i BACERIEMI B . P51E 51088 SR Tk M BB B JFAT 18 RHE
A, R BERE F RS BOA ST BMRBRIE 5, AR T N AR [T EDURTTE T,
HITPIRO A TE ARG P PR S5, o PSR B PTER AR S [0 —— B O OISR ) 4 2 15 1] i BT
LR, T RIR 1 IR A RS 1 5 IE R PRI 1 kAt 1

3. SentiWordNet BEiZ S EESHENRE A

SentiWordNet 1Kt WordNet iV AR EMEE, RN F GRS R W T A E =14 0
FXEPSE, ZFHZAN (8] X — T [F) AL I 5 BARE /R ROV IR TE & il 985 o A sl
FEIEGEFE 3L T " HE. Das Ml Bandyopadhyay #iz7-# SentiWordNet if#% & F IndriB fIEDHLIE, KA 74
B3 5 [R) S i) B2 i B AH 45 A VR A SR [9]; Dehkharghani 5[ 10K X — J8 4% S A T 4 B L8 155 Jia] i
SentiTurkNet FI4%E[10]; Shelke S5 MIFRE T EIHEIE - E Rt i 17 4 B o (00 175 JE AR PERE RS IR A2 [ 1] AR TFE
0B AR DX 3 A 8 U0 5 1 IR SRR SR R R 51 R T SR AR . R T T, Nguyen S5 3 T AL A1 K
PR 5 A IR TR UTT-VSFC, 3 A2 i R 15 17 o0 AT AU 1) R e 2 TAE[12]s ERJEJE 6 W15
J51fi, Koto Z&4E H ¥] IndoLEM J:vf s £ 56 B JE i NLP (2 WUE AT 553047 7 RGN, 23 7 i%iE
BEICHE R R BHIR IR 13] 0 X L8 TAEAMNIGHIE T SentiWordNet B85 5B M 1T,
NG SR BHIRIE & A S R TR R I R HESE

XPHABT 5, SentiWordNet F42 134 5 EZAAIMAE A ZTH . — R FIFE IR E:  CHEEE
WY VEHAB B R B 2B B, AP E AR S 9 S ) SO AR VS T RAR LS T, T T
XiF LS WordNet [AKHH . —&ARVERLEE A2 @1 SentiWordNet 1) =73 M AR R KIS M, 1EES
VB 5 WU P SZ ST A S (R T /N T AR B 1 R B AR o IX P NRE RS R] R SE T SentiWordNet BEARTE
HEE R NSRS 1. SR, 5 TE T IE R 7 AEAE M LA [ 1) SR PR —— SO AR S5 P 1AV A LUK
RIS, BB (B P A e M DUAR R, T 45 SR 1) U 2 o R 0L 1] AR B 1) G B VR T

4. KBS EERRHITHEARRE
4.1. KESHRBENRREMSHZFRS

Transformer ZFJ FOBE L TF I T T 2515 5 BN A 14], BERTGPT %5 i Fl A58 L & XLM.mBERT .
mT5 552 i 5 AL A CTE R EROIZR, 245 T E5TE 5 B SCEEERR. Mesrik, K
B SRR RBHEOE 5 05 O d i B rp R B LT ORI . AR SRR S 1, R e g
LR AU 3 B R SCRHE, AREE R I SO R R AE A FARAE A B T S . e TR
PRE B AT (0T B, D REA 22 50 5 TR AHEBRAE BEURN E BE = 11 5 R A Bl R e A 55 . =
FEAT S IERC ) RAGTE,  [F]— 3 MY AT 28 ph $ 7R A Bl B o Rod IR 25 T AN R B0 R IS5 . IX ekt
A RIS 1 AR SR B URAE B IR RS, D TE S R st i 3R At 1o A R i 75 VA S I

£ ER =25 AR, AP NER DT FEARIAALET . o B 51 5 Ko 5 2] SRR ZR(continual
pre-training). Bi# L XLM-R AE, M0 FRME 5 KTOARE SCARBEAT S B ZR, fEAMBON 57
BHRIZEAE T SEEL T B85 5 15 SO RO 5%, DR IRBEIRIE 5 A5 0 RS 5 MR AR e it 7l 47 2%
1e[15]. JaE K BB NRAE O 208 5 AR EERE b, A HARE S K8 ORGS0 2%, R 1R
FIRNCANE SO RCE AR E IERAE,  [FI OR B A I BS 15 5 3L R A€ U . Gururangan SFFIBTFLRAT, FIR
A R AR AT R I R R BEAT 552 & RO 2, RIEEERE AR, DY R4 5517 R W] B ik
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BECCE[16]o WUHIETI S, BT WPHSCBUR ST AR RXUE-TAT TR BRI R, 2R LDy
SNZRROTERRIE, I TAE XLM-R S5 215 5 B IERE I 25— 0Pt i SCE 9 BUR A & e i
Ao gt SRR S BRI TR OB L, TR “IEFIER - RUREA - A£5E
Be” b . AR, FFEETIZRA SRR B AR BT 2K, I/ ESHER St — PR

4.2. AHLIHREIAIERE S

B R Bl 27 20K B B IR AARVE IR, R SE )20 F shbndE, R G it ANe e PR
FEAISIF 0L 5 B B KRR I A TR, TRHLES 5 N TAH TN 78 (4 S 5t A1 % . Kholodna 454 GPT-
4 SRR EB IS, FEZMARIIE T _LIGIE 7z A R, B TR IIRE F R SN B2
BEARKRIE RN T AR S, RIS SERrein 4 BhrvE I PE B AKF[17]. X — B 0E & B A& —Ebr i A Ll
NIEA AR RA G 535, RENEAERRTE & 5 YA Z 1R BP0

PR, 305 S BAR KB AR O A AL T AT B ORAE S B M D hRiE K TR &, AR
HAB T A T rp A B0 55 05 5 2 W I S AR R o ELIX — B AR AE b i S P T I — A 0 5 P A AL
T3 ST B RAERBORTE F AR H AR TE F R PEARAE 77, T 32 R0 R 1 (0 01 257 76 ™
AL, VPP ARTERE A BEXE DUE B R AT, B R AR R T A RdatT, el R
AN LREER I LTS SIEANTB 3R T R A 15 1) V1 SRR AL B RE /g, 75 00 Jse 5% Il it A £ o
RERT L

43. PEXLETXES

/DREAS E TR 304 2] (In-Context Learning, ICL)IE M AE SR e i TAn R B, 515 K15 5 AL 58 M
R IAES, BT T HEHA S . Cahyawijaya 55 RAEHER T /DHA ICL fE2MMKHIEIES L
HIRIL, KBRS BT A B0 55 SR 2 25 10 T 1] S A PR 2R UL BC[ 18] Li S5t —2D 4R M, X T BT B
ZIMES, FREARBUDFEA ICL BEAEER BRSO R R IS I 2 B 8y, el T
B SRR B IR 5L R R S5 (191

ICL BRAEHAE B A7 ARG BHEEHE . Zhang I 58 48 RBOKTE 5 BB REHAE TR
1 DiPMTHHHESE, AT ST APH: DOR AN A P AT TR, Sl 3348 2R os BB SR (B IR ARl A5
B, ERSHCEH AR LS B ERTF20]. X —F ER B BIMERH 15 A2 KB 0 2B B L
FokjE, BT RR GRS, BRI E SE MO R AT SR TR AR ST IX SRR TE R R i B
BRI R A A5 DS 2 15 1A b R (018 SOR R0 280 i v o B IR 0T, BE A AE AN A
PREEE M RTIR T 51 S KA SE s PR IEAE 55 - DA ICL (155 — IR H R BOR T THEAT T3 B2 76 SR AH
XA, SXXSWEFE R 55 TS NLP 50 5 JUH AT SREKE, AR BT S0 ) R A iE
JEkR] gt g e i B S AR RO T B A

4.4. BB

ZH WO (Parameter-Efficient Fine-Tuning, PEFT) A% O BB & 14 25 KA B =R S48, ()I18570
BEANSHELIIE SIEN, € S SR AR (AU P . LoRA(Low-Rank Adaptation)s & 3 i F
KRB AR . RAFEUZEEIENG], 62 ES WS, BRI LoRA TR, 1EH i HiX 550
BT R SR T TS T SEm g, JBR 7 AR LB B G X R THE 5 R e M PR E A 21]. 28
1M, S 308 RO AR 15 17 2] S b (0 S SR AR ARG ST Z1 o TZBRAR R A B2 2 4% — 8 R AR HE i A
TEVERE,  THAE 200 AR B8 YR RS R B — TIHE, 25 5 A ok S S it M FE AR o
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5. i ERIAHRERHN S ZILRE
5.1. =B EIRR

T GREA A AN AL 5 S ] S S A T W ) B PRl TR KVE S R B I R} DA S iE AT
A BRETE F O, HTERT S EEE AR, EEJUE T . X PR I A A R A T R AR 55 0
FEAE B Z ARG AR AE ), T BAR BN SRR Bt InLAsRAh . 5 2, KRR AR iE BRI
FIFAE “TTFAGRIA” T2 7 BRI ) “ PR

B AR T XOE BHRA M B A BRE . CHTER L) AP B AIETE 2 [R5 15 5 MU S it 13
it 10, (E A AT — 0L 1) A ACUR] Y R ATORE SR P A IA F o RS P ) — SRS A 1 RRIE L
TIPS SCERZ, ARAEME DAAE S SO SR BRSNS 2 IR o I ST S A 1)V I 17 J ] i A B i
KB, mEURMEL Y, e R F WU R A 5 R .

FE=PREOKR BHE NLP b A BRsk. B  WSREE THEE 5 220 FC R B 2 E R e E X
WS, BARIEAIR, S SRANEAR. TREFEN— R BORERAE, FREMTERIHIE . SEXER
TCREIT . SO R R IA RO AL FE, #REATTRERS B S X AB T RIE S 2R AL . ERME X
b A BEZHER BN R e, EEEIGE TR B R R R aE 2T, EER.

5.2. BARBENEEMLLBRSHE R

BRI LA RAR AT, W LLE B ARG &R H A — . TR EAEIRE
Jii BT AEAR, BT A B ES, M DS R I N L. 1R TR U SO,
TPHSCIE R B BLEE IS 7 iX 4% . SentiWordNet P515 = M5 B CHI I M) BRI, w#E
VRS 58, & G A B S A DA AR . 76 RAE SR, 2 550m RO S b R i R
BRI, R A ME ISR SCHEHE B s 8057 ) B0 R80a 47 SRR R H: 15 5 2% A 1) 2
REJJ, TMIX A B AT IEANOL. M T, DA B S0 IR I 2578 55 OB /N, BoR T TR
ST RG24 5 M 7 S PR 1) R B B AR

BRI AT L, HAE A A S A B A B T — RO iR B e R, T RS R v F R A
AL o — RN 55 SR A LK 26 DL SentiWordNet 515 = Wi $5 @i FEREHESE, A/ D REA B R
O FERNHE SR BEAT YR SAEAE SR i A WL E] R 7 2O SO S R VR e M R S AT R A%
P EAER DI BURARAR, (E5 MY B AR /1 KA G L HEARRE /), 7E B B OUR B T
N LR . StiE ey SRR R B — e MR 5, SHRRORME T IRA N, W& A R B5HE
LAt el S FCH R O I A AR AR Y, AR AN B R T RN IR I R A5 K . 9l RIR2H A 5K
W& FL A SERRI ATV, A D0 & B B BRI AR N LA A4k

BRI E, =20k SentiWordNet F515 5 WU @A Fir 8. M CHBTERSL) Ao SR HUIs B ¢
1A 5, A BhI I N 56 Z8 2 SOHAE AV 219 S WordNet [F] SCIR S A6, Pl SentiWordNet £11] %
() SRV B 0 T T A7 T P R 2 WA 2 o 6o f7 Sl M ey B A ) 3] S (2 I [T B A7 T 75 B 0 — 5 IR D)
BN AVIIEHESE, BUOORFAKE SR AR AMENF R, A2 T A, X— P FREMELET
RGBS Sy ST ] AT, SIS 2R AR B AR B A

PR DD REA ICL AP 1 ia] AT ARG . AN A 1 ey B B ] Sk h U AR s 5], )i
AL PRGN . DUBRE SCRIE AR ARV B3R, F T 51 5 K08 5 BB 85 — 58t B (IR B A5 Pl
2 SO ST AT B AR o HDORGERT BT DR AR ENE S BT I R DURE S E 48
TR TS, ASBDOER RIS UEE, RBE—E R E RURs MR B ae 1A 2 . 95
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FRIESEHUR L R A TR RN T, D3 IR R RS RE, HEA T A AAREE,
PSRN RS, ARSI & 2 A RSP A X = LA G A
S TN . R BCRDRI AR #1750, UL Cohen’s Kappa 6 —BCEfiha {16 1k
e N TSR BUR SRR ST EA IR, R I 828 ) —— 8% 5 4 5 00 7 b b
AT LU FORA0JR 8 ICL (R BIEEL, (R N T BN ES A A B ) R 7 S 2R
Bl B, SHERGORER & T RBI A, ALY O AR b 2R Aot SR A R
BRIEBE, B UURR ULV B H\TR (4 54
6. &VE

AT 71 AR AL D IR K4S, B T ORI F AR = RO N BOR B AR, RS
FLTE R BIRIUR T 1 S AR TE S EOR HER 6. REE—DEHERE, AR “RBE” Jf
FERRJENE, TR KRB FTIAMZEARITE S BEALIHIEIR . £ RIE SRR PLZ AT, RREES
NLP KM AE S B0 - PR T ME3A b, BSHURBEZ B QBT FUOTRE, Wk 703 55 SOt ko el 5%
PR Z . KIE S BR HBLE SONITR0X — IR L 7 AT RE, DREAR N30T AHLI R AR S5 B ik
A LUK RE R AT e, (I SR IR L B = (91 5 REAE NLP BT 7 P3G — i 2 . A
AR U, A BRSO A OO — IR R IR TR, R ARG IRE 5 A B AR AR I AR 4L
HIFE BRI B ) — XA SRR

E&WE

AR TR R BV X AR AEBE QI R ST E OB 27 R 2 AR 77 (E 5 -
YCSW2025303) 1) Bt il S

SE

[1] Mohammad, S.M. (2016) Sentiment Analysis: Detecting Valence, Emotions, and Other Affectual States from Text. In:
Meiselman, H.L., Ed., Emotion Measurement, Elsevier, 201-237. https://doi.org/10.1016/b978-0-08-100508-8.00009-6

[2] Joshi, P., Santy, S., Budhiraja, A., Bali, K. and Choudhury, M. (2020) The State and Fate of Linguistic Diversity and
Inclusion in the NLP World. Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics,
Online, 5-10 July 2020, 6282-6293. https://doi.org/10.18653/v1/2020.acl-main.560

[3] Hedderich, M.A., Lange, L., Adel, H., Strétgen, J. and Klakow, D. (2021) A Survey on Recent Approaches for Natural
Language Processing in Low-Resource Scenarios. Proceedings of the 2021 Conference of the North American Chapter
of the Association for Computational Linguistics: Human Language Technologies, Online, 6-11 June 2021, 2545-2568.

https://doi.org/10.18653/v1/2021.naacl-main.201

[4] KA, SHE KBS EAFHOREREE S 0 SR S S5 R ET]. BANIME, 2025, 48(3): 413-421.

[S] Taboada, M., Brooke, J., Tofiloski, M., Voll, K. and Stede, M. (2011) Lexicon-Based Methods for Sentiment Analysis.
Computational Linguistics, 37, 267-307. https://doi.org/10.1162/coli_a_00049

[6] Darwich, M., Mohd Noah, S.A., Omar, N. and Osman, N.A. (2019) Corpus-Based Techniques for Sentiment Lexicon
Generation: A Review. Journal of Digital Information Management, 17, Article 296.
https://doi.org/10.6025/ijdim/2019/17/5/296-305

[71 Xu, Y., Cao, H., Du, W. and Wang, W. (2022) A Survey of Cross-Lingual Sentiment Analysis: Methodologies, Models
and Evaluations. Data Science and Engineering, 7, 279-299. https://doi.org/10.1007/s41019-022-00187-3

[8] Esuli, A. and Sebastiani, F. (2006) SentiWordNet: A Publicly Available Lexical Resource for Opinion Mining. LREC,
6,417-422.

[9] Das, A. and Bandyopadhyay, S. (2010) SentiWordNet for Indian Languages. Proceedings of the Eighth Workshop on
Asian Language Resources, Beijing, 21-22 August 2010, 56-63.

[10] Dehkharghani, R., Saygin, Y., Yanikoglu, B. and Oflazer, K. (2016) Sentiturknet: A Turkish Polarity Lexicon for Senti-
ment Analysis. Language Resources and Evaluation, 50, 667-685. https://doi.org/10.1007/s10579-015-9307-6

DOI: 10.12677/ml.2026.145407 333 HIARIES #


https://doi.org/10.12677/ml.2026.145407
https://doi.org/10.1016/b978-0-08-100508-8.00009-6
https://doi.org/10.18653/v1/2020.acl-main.560
https://doi.org/10.18653/v1/2021.naacl-main.201
https://doi.org/10.1162/coli_a_00049
https://doi.org/10.6025/jdim/2019/17/5/296-305
https://doi.org/10.1007/s41019-022-00187-3
https://doi.org/10.1007/s10579-015-9307-6

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

B. Shelke, M., Sawant, D.D., Kadam, C.B., Ambhure, K. and Deshmukh, S.N. (2023) Marathi sentiwordnet: A Lexical
Resource for Sentiment Analysis of Marathi. Concurrency and Computation: Practice and Experience, 35, €7497.
https://doi.org/10.1002/cpe.7497

Nguyen, K.V., Nguyen, V.D., Nguyen, P.X.V., Truong, T.T.H. and Nguyen, N.L. (2018) UIT-VSFC: Vietnamese Stu-
dents’ Feedback Corpus for Sentiment Analysis. 2018 10#1 International Conference on Knowledge and Systems Engi-
neering (KSE), Ho Chi Minh City, 1-3 November 2018, 19-24. https://doi.org/10.1109/kse.2018.8573337

Koto, F., Rahimi, A., Lau, J.H. and Baldwin, T. (2020) Indolem and Indobert: A Benchmark Dataset and Pre-Trained
Language Model for Indonesian NLP. Proceedings of the 28th International Conference on Computational Linguistics,
Barcelona, 8-13 December 2020, 757-770. https://doi.org/10.18653/v1/2020.coling-main.66

Vaswani, A., Shazeer, N., Parmar, N., ef al. (2017) Attention Is All You Need. Advances in Neural Information Pro-
cessing Systems, 30, 5998-6008.

Conneau, A., Khandelwal, K., Goyal, N., Chaudhary, V., Wenzek, G., Guzman, F., et al. (2020) Unsupervised Cross-
Lingual Representation Learning at Scale. Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics, Online, 5-10 July 2020, 8440-8451. https://doi.org/10.18653/v1/2020.acl-main.747

Gururangan, S., Marasovi¢, A., Swayamdipta, S., Lo, K., Beltagy, 1., Downey, D., et al. (2020) Don’t Stop Pretraining:
Adapt Language Models to Domains and Tasks. Proceedings of the 58th Annual Meeting of the Association for Compu-
tational Linguistics, Online, 5-10 July 2020, 8342-8360. https://doi.org/10.18653/v1/2020.acl-main.740

Kholodna, N., Julka, S., Khodadadi, M., Gumus, M.N. and Granitzer, M. (2024) LLMs in the Loop: Leveraging Large
Language Model Annotations for Active Learning in Low-Resource Languages. In: Bifet, A., Krilavicius, T., Miliou, 1.
and Nowaczyk, S., Eds., Lecture Notes in Computer Science, Springer, 397-412.
https://doi.org/10.1007/978-3-031-70381-2_25

Cahyawijaya, S., Lovenia, H. and Fung, P. (2024) LLMs Are Few-Shot In-Context Low-Resource Language Learners.
Proceedings of the 2024 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Papers), Mexico City, 16-21 June 2024, 405-433.
https://doi.org/10.18653/v1/2024.naacl-long.24

Li, Y., Zhao, Z. and Scarton, C. (2025) It’s All about In-Context Learning! Teaching Extremely Low-Resource Lan-
guages to LLMs. Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing, Suzhou,
4-9 November 2025, 29532-29547. https://doi.org/10.18653/v1/2025.emnlp-main.1502

Zhang, C., Liu, X., Lin, J. and Feng, Y. (2024) Teaching Large Language Models an Unseen Language on the Fly.
Findings of the Association for Computational Linguistics ACL 2024, Bangkok, 11-16 August 2024, 8783-8800.
https://doi.org/10.18653/v1/2024.findings-acl.519

RA, WO, FEERE, & EETE A RBEI R RE S RIS R @R R, HoUE B 2R, 2025, 39(8): 75-81.

DOI: 10.12677/ml.2026.145407 334 PBUARIE 2


https://doi.org/10.12677/ml.2026.145407
https://doi.org/10.1002/cpe.7497
https://doi.org/10.1109/kse.2018.8573337
https://doi.org/10.18653/v1/2020.coling-main.66
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.1007/978-3-031-70381-2_25
https://doi.org/10.18653/v1/2024.naacl-long.24
https://doi.org/10.18653/v1/2025.emnlp-main.1502
https://doi.org/10.18653/v1/2024.findings-acl.519

	大语言模型时代壮语情感词典构建的方法路径
	摘  要
	关键词
	Methodological Pathways for Constructing a Zhuang Sentiment Lexicon in the Era of Large Language Models
	Abstract
	Keywords
	1. 引言
	2. 情感词典构建方法概述
	3. SentiWordNet跨语言映射路径与壮语的契合点
	4. 大语言模型时代的新兴技术路径
	4.1. 大语言模型的技术基础与方法学优势
	4.2. 人机协同的主动学习
	4.3. 少样本上下文学习
	4.4. 参数高效微调

	5. 壮语情感词典建设的方法论思考
	5.1. 三方面挑战的相互交织
	5.2. 技术路径的适配性比较与组合策略

	6. 结语
	基金项目
	参考文献

