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ABSTRACT: [Objectives] With the growing integration of
renewable energy, the complexity of new power system has
significantly increased. The power industry requires the
integration of large-scale multi-source data, more complex
analysis and decision-making processes, and more intelligent
approaches to enhance system flexibility and adaptability.
Large models represented by large language models have
attracted significant attention due to their robust natural
language processing capabilities and reasoning abilities across
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various complex tasks. Based on this, the study reviews
implementation technologies for applying large language
models in the power industry and summarizes relevant
achievements to inform future applications. [Methods] Firstly,
key technologies for implementing large language models are

introduced, including prompt engineering, retrieval-
augmented generation, model fine-tuning, and the
development of intelligent agents. These technologies

enhance the accuracy and practicality of large language
models in real-world applications and broaden their range of
use cases. Secondly, the study outlines the research progress
of large language models in areas such as power knowledge
services, assisted decision-making, equipment fault diagnosis,
and power system prediction. Lastly, the challenges in
applying large language models in the power industry are
analyzed. [Conclusions] The application of large models in
the power industry is currently focused on the cenarios based
on large language models, which are relatively mature. In
contrast, applications involving multimodal models, time-
series models, and large-small model collaboration remain in
the exploratory and rapidly evolving stage.

KEY WORDS: power industry; new power system; artificial
intelligence (Al); large language model; knowledge services;
assisted decision-making; fault diagnosis; prediction

0 53

I AF ok N L8 §E (artificial intelligence, AI)F:
RIER AR, BN HER) 23R & AN Pl nE
KRB EEE) 1" ATER K R 7 s vl s 3 &
20 4 50 AN, DL R . 20t 2
60 FEMRE X RGN T K AFIENEE 2 21 L y)
REE 2 SRR, KRB R R 1327, Al



638 FEHRSE: KR AT LRI LA 58k

Vol.46 No.4

BENHT R PRI A SRR R 2017 SEA A HIE R
FIBLHIAN 2 Syt 2 JIHL I Transformer B 4
H, AN T8 E(AT generated content, AIGC)
QU R T T R R LS . B 2022 4F, B
% Transformer 45 #4128 W 2% ZE M) R 275 3, AIGC
Wik 7ot R e R, LIRS ] ChatGPT?”
AT Y5 Llama BRSO AR S 1) AR il OR T 5 A2
(large language model, LLM), AMXAETH 240385
AT TR ORYE, BT L R Re AL R 4 T B
TR . T 2024 SRR PR R A FHEH N — &
HI TR A L ZAE Y LM 1) DeepSeek A5 A1 7E
PRAUEASE AL PE RE R RIS, K B2 P A 1 B2 I R AN
HEFRRA . HILFR), 2R KGR, IR
LRV S Y 3 E S NN PN S LR S AN )
BENE: S

W8 5 HE A7 b AT F AR R R S ARORU I H 2 4
5, HL) RGN RO H a8 i, 7R
AT, JET R N TR REROR FIRE R B
K71, BEEBATHEY . BEIZW. TR
M, XEERZP . PaNsgE55 5, LR S
BERR ., Zed S ir. BARKBEAEAKE
TGH, HFAE R AT I V& i S FHAT) A7 7E 1 22 Bk
1o ARSI DNREAE R FAT WA A AT Bk
PIER . OAHES P R TR R s R 5 2, 9k
FE e sl ) TR SR R RN HT BN 77 6

FET I, ASCALLM B S EE e R H
R VARG KRR T RCR,  FE AL AR RS
ML BB OSR . WA RIS WL L) R G TN A
JETH A48 LLM 1 H 747 MV 35 R 853380 1) S FH 155 400
Ja, MRS AT R S, 408 LLM S H T
PR, DR e SRR 43 R B FH AR AIT 55 777 [ R 30
Hg i 22 .

1 LLM MK SEIEA

(1 I 757

$& 7~ 1A T FE (prompt engineering). 5 2 1 5 A=
% (retrieval augmented generation, RAG). 7l i
(fine-tuning). % ffK (agent) R AE N LLM 72 & HL
ATV N R BoR, RAE T E AR F R R I
MAFRF R . LLMIEE Bk N H BRI RS, 97

R RIRE 77, SEBL/E AT EE HLPE s B, o
BTN . $ia LRE 2 LLM M £l . RAG
RERS AL LLM 7E L 3 Bk Ak it - Se 2%, Jl
T PRGHE AT 2R HE A AT M M R R R K
EE, ARHBRGENHESE . K BETNEAT 5
R BOE IS R . HOAER RS R LLM Ab 3
HL AT MR e U ) R RE 77, ad i R FAT I3
0 5 X R Y R AT A N 5, {8 HL O A B R
HAT ML (4R 8 S SRR SR . B REARAE S LLM 5K
B , B IX AR SR A N,
HNARGE . WA T RZMAA .,

IR AT
R AR AL - B
KA i

= R 5 A AL THIEMA

T A Y

L

2l

o | | s i

L AU AR
- D REASR
YRS
- S TR

U Rt

B1 LLMMARSEREAR

Fig. 1 Implementation technologies for LLM application
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Fig. 3 Improved framework of RAG process
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Fig. 5 Technical route for knowledge service applications
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Fig. 6 Technical route for application in assisted decision-

making
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Fig.7 Technical route for application in fault diagnosis
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Fig. 8 Technical route for application in power system

prediction
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