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ABSTRACT: [Objectives] With the large-scale integration
of renewable energy, new-type power systems require greater
flexibility and higher prediction accuracy for prediction
technology. Traditional prediction methods have limitations in
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handling dynamic and complex scenarios, highlighting the
need for prediction technologies tailored to these systems.
Large language models (LLMs), as generative artificial
intelligence technologies, have capabilities in multimodal data
integrating, few-shot learning, and multitask handling,
enabling more intelligent and precise solutions for the
prediction of power systems. Therefore, this study focuses on
analyzing the current applications and advantages of LLMs in
power system prediction. [Methods] First, the fundamental
architecture, training methods, and current application status
of LLMs are discussed. Then, their principles and
implementations in prediction are explained, with emphasis
on advantages and prospects in load prediction, renewable
generation prediction, and electricity price prediction. Finally,
challenges in LLM-based prediction applications are analyzed
from three aspects: data quality management, privacy
protection, and computational resources, and feasible
solutions are proposed. [Conclusions] Through comparative
analysis of various forecasting tasks, LLMs demonstrate
superior capabilities in few-shot learning and multimodal data
processing compared to traditional methods, making them
more adaptable to complex and variable prediction scenarios.
Effective application of LLMs can provide innovative
solutions for electricity market prediction.

KEY WORDS: large language model (LLM); artificial
intelligence (Al); new-type power system; load prediction;

electricity price prediction; renewable energy output

prediction; privacy protection; data training
=
0 35

B & 4 R RE YR 45 F4) 1) % FRE AN 3 R ek Ve L ik
qjiFDH*/iE@T%ﬁ, L) R G RS E PR AN R ER
NARRIERFE Rl FELLTE 5T, I 1) i Ee gl mT



HaoE FIMW

K B OB R 439

FAEREZERH B KRG R DT kR
J& B B2 B L SR B AR YR S
FL TN OUE A FE ) R G PRI SCBEA YT, I fR
HMEE BT PRI 73 EO A P A A
AR BRI EZEM:, ENMNENRENKE, &
EEAST RS R NI R A ey SR A R RE DL,
JTUO S R T AR, BRI 4k
HEREAWINR, (AR 7R MR a2
JetE. SR, FEREE B —AEE SEdE L
RIKE, HEZHEBIEABIRR, TR
HEAE R I TN 728 M LA dE B H 28 AR T
WERIE J M R GURFE . PR, B RS, I
T AL ) RS TR AR AL AT

HL ) RGN AR K R4 1 1 T B &
FeWEAR AR . FWT, T AT 32 AR T R A
RST8] 7 41 23 A A ] 0 43 B
1K T VAR NSO L AT B R A B A AR e £
PRI RO R, A AE 2 A g i i v B iR
SRR AR A — 0 SR BR A, HLAE DL A2 5K
PRy &5 5K . BEE THE R T B3R TR B2 1
RIE, FMHARIF MG RE PLE 5 S Fk, WS
] & #/L(support vector machine, SVM). [ HLAx K
(] U= R o 28 [0 45 AR K e BV e A 8 LA
R AR ZR PR AL, B v I RS BE A B R,
{ENLAS 2% ) 5 VR AL 75 K 2 b v A B =
FERAE TR T LR N 2, B
AR AR B SR . FE T EIE AR R,
THILH — e IR FE 2 ST HOR, GG
22 %% (convolutional neural network, CNN). ¥
e W2 . KR I Il 12 W 4% (long short term
memory, LSTM)%E, IXL8HEAE AL HE I (7] 77 51 %L
P 5 5 R I T BRI R 1Y, AR, R
STHEARFAERAESE IR HABR . AT 58N
W] 8 &5 ) @, B Z ZARS Y I BIRETT, IEAEEAX
REAC BN (] P20 B, kG B KRG h 28
ADEAE . &R IR 2 AR TN 7 5 i)

MRT, AR Ae Il B R A AT R B8 O P e
CHEMEKME ST, BRGEMNEAIEE B
IR T R R . IR, AR T3 fe
(artificial intelligence, Al)FEAPRIE R, FIH A

2% PR 20 51 A8 H s O B L In) @ RAFAE I RE T
JfE UL ) R G ) R T OGRS .
H, DUAE RGP 2578 46 25 (generative pre-trained
transformer, GPT) &4 AR M KIE 5 B8 (large
language model, LLM), &5 H 98 K I HdE a2 g
TIRFEZ AT S B RE V), EREVR FEL ) 45Tk
(%) LAY S FH T R H B 1) 5 SR S P AN A 7
AR A1, TACRINSGSEER
(1) LLM Re % Ab 31 S R R g i A B, R0 52 2%
FR IR TRIAGCHE 1A AN 2 (A QIR , SR 4EEAE Erh i)
REEAE B, BRI TSN TR R A R &1
SRR IE R RS T FHERERE J1, NH I RGH)
TR 7 5y 4 TR A A o

T, ASCALLM B JEEE, #2000 B8 K
Mk, IRNER FAE 50ty S0 L A A 0
HUET REVS L ) FIUINAE 22 A T TH SN ). dlad
o BLA SR 1R [ J85E 23 AT B AR SR 7 ) R B
DASH Sy H, 717 T 7 o0 4 358 110 7 20 B0 T kR 8
RIERMESFE

1 LLM FZE A Ji7 28 K F R B R

LLM A&7 H SR TE 5 AL B FR B 5 5] R FE i
ERE R, 545 0TI SR A E
LLM B8 7 B S ORI SR 808 B 227, il Id R
FA TG B 2 2] B 2580 3 181 E AR i) 77 2, LLM
RE 0% M B 50 75 R rh 5 S0 SCHK &R S s
W, T B ST AR B RAE S M B Sk
HURFIRE 7o AR, LLMTEDFEAR S FFE A2k
E5%5, BRI TREKITE Y 2168 )), £
AN SR B A S 50T, BE B8 58 B R A% E i 4>
HRNERE AT 4. HAET, LLM C/ERRER M. X
s b 38 55 5 43 B R G AR B R, S
T E AR
1.1 LLM H#2 P 25 5 R 48

LLM () 2 & 8 # 2 & K % 3 &
Transformer™, ‘& HH 4 i 2% F AL 28 2L Ak, mT H
T b BN A T A HERY, KM E 1R
Yaht 2% (2 EHE S 1) V= JIALH AT 75 2
LER R, BRI N SCAR T B e O = I
TER7R: fRhg e 45 R 2RA0L, W 455 g L) 2% i L A



440 KBS BT RES AN R RGBT L LkR

Vol.46 No.3

CAERMFIMELE, BPAERTANE. BER

JIWLHIE A Transformer FIAZ Oy, T 745 28 47 12 £

P 7 51 K BB B AR R Ok R IR RE
LITIN

y

ﬁ%éﬁﬁ%—’ {37 451
v

&
EE

|&

HHHEHL

R 2 00 4
Bl1 Transformer %51 &

Fig. 1 Transformer structure
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Fig. 2 Mechanism of pre-trained model
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