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Abstract Accurate electrical load forecasting is important to the effective operation of power
systems in smart grids. With the recent development in machine learning, artificial
intelligence-based models for predicting power demand are being actively researched. However,
since existing models get input variables as numerical features, the accuracy of the forecasting
model may decrease because they do not reflect the semantic relationship between these
features. In this paper, we propose a scheme for short-term load forecasting by using features
extracted through the large language models for input data. We firstly convert input variables
into a sentence-like prompt format. Then, we use the large language model with frozen weights
to derive the embedding vectors that represent the features of the prompt. These vectors are
used to train the forecasting model. Experimental results show that the proposed scheme
outperformed models based on numerical data, and by visualizing the attention weights in the
large language models on the prompts, we identified the information that significantly influences
predictions.

Keywords: Short-Term Load Forecasting, Smart Grid, Large Language Models, Feature
Extraction, Machine Learning

x Corresponding Author: jhrew@duksung.ac.kr aHfEta A7) Az s, A1A A}
Manuscript received May 18, 2024 / revised June 10, 2024 2) gzt et do|EjAlo]l A Ayt WAl A #;
/ accepted June 14, 2024

_51_



Large Language Models-based Feature Extraction for Short-Term Load Forecasting

. A

FHERNPATATH F 4Tz PUASGHITsTRXT ®g WA gy B Wy
mop g NE ) ® mnm%%%mw&mmﬂ%aggmﬂdhﬂ1%%% %ﬂ%@m@ﬂwoﬂ
Tl b wW FIT TORETRS AT St T muw et cawEl T
%Hfﬂ_dg_dﬂ%ﬁ@ KA I T B TR ] BRI M LRI
KT T owe S giP TE8Fo T sr g algTa s oMoz E
% S oW T WS o Ty P g TowanoWa I EP 3wy
® o Mo wap . B ST oo O N St BT R - T o o -

) o il m —_ oY X T T o wo = M- el A =~
w.wro o A= AR oy 7! = 3 4r = N & g B T 1) =) 0 ur g oNr O g L 2 5 o ™
PerAecElee PEO0e o0 le wwl 28 T Ymelifwal
= 4 5. Am = W = Ty B o — NP do RO

- — W © of S = il =
TelroriPrd TErTicETirfdsiiRiTe o el U0

= = SRS = — T : NF o N
EA,%W%ﬂﬂmaﬂaﬁ.EL%@H%%%Eﬁﬂaﬁﬁo,_zgﬁaﬁMQ@ATMMMoan T ooy A WP
S ) mﬂﬁmmﬂ@LﬂﬂrMa%é%WﬁAmﬂmi%M - T o 0 T E
- oA ox R e B0 = do ~ 1o e AI]Aa]Mao%o} o o AR
T o N mE . R P L= NS S AT o B R
R R L - =R T Lﬂéi%@d@ﬁ% 2 AT gl o o

- = o = — . = O -
ﬂo%XoﬂﬁﬂﬁHa‘DlWﬂoﬂe‘mhteﬁw‘o'ﬁEEd,mMﬂ EE,DIM:MMO#‘DI‘VL do o ﬂowLAT&o}yll%ﬁ\lﬁlaLﬂL
Eq#@ﬂﬂwﬁf% ma%x% TETO g G4 5 %amlA%%%Q%aﬁgy;goﬁ%i

=~ [~ ) ) = —~ - = - = ~o RO =o OX o . ) < O
@ﬂ%%7mﬂﬂuMw_/r,oEﬂ%iﬂﬂ/Z\LOMm%mm@ﬁml?mrm %ﬁrmm%z?,g_o_a7,ﬂﬂ2
W gy  RETE ST H RS o U e AT W T TR S
FET UMWY ET]ARYH ToFTNHEMATAFAEATTEWTFTIRT RIS WS
THTRNLLELEROMBD R RBIE SE 2EREERFT Dy §7 §0 647 F
T ~ < W "o o < < BB RN ) K = i~ B M
uﬂ71luaﬂ7@%iMw%%%o#awﬂo%ﬂmﬂﬁxﬁe m%7M|ﬂoriéawl;omﬂwo;,%xwur

Dwoy Tomw S Tk od CF Tl 8 BLF gl T g oo ETF "
rd g MesRS _rFsdx 2T 2 Wwd L2227 PPH x EFQITBEy
PHANT e g T PRI RI L BT o SE3oMT o ewty BRIk

el = ) T AN O — 0 — T
G g R T TTm R gm0 S A,Am%ﬂg,zqﬁwmﬁawmﬁm&
FETELNax® A pgTEs g NETH L g o _awmt P 8 ¥y
e ERATEamed T AR e ey S VT ngwzd vy =

— ) —_— T X 5 ~ _ = T .
T E e T e Ry T T gt 88 G EHERT ST RO aT
R IHae R gy, TR My wss 535 POy Bagma T o
gl X dagrodegr @ X0 Rad 28 7S W g0 TN pmh
R TR TR Y, Ry T ELT BN B w2, T T AdmT L
%imﬂiﬂlfﬂwﬂﬂar._w M AR E s EREN o We Zawmg
W TS oW Ao Yoy, T BRI E gy g 258 TR AW HEAIT DN o

OM I~ = o ;OE] ‘:‘_ OE o OL o ,Dl] ﬂ;oe _zrv = LDL.V < = M g W _zT UT ,.lﬁJq = 3 o o
RO w2 s A ® oM T 5 < _RNLw_®Rg g
Kbwem 3T T ow e s W g s 822 Fo5¥_Fa, RS

T N = = ~ S
S - RN R R A - R AR - I - RN
TPl wWEw  WETCRWHZET Z IR w AT E A dofr
Ty uodas STPUITWTwRWIIRLWNEDIRTSSE = ShTHPpaTrHETTNEgENTT

_52_



Journal of Korea Society of Industrial Information Systems Vol.29 No.3, Jun. 2024 :51-65

7t
] (Attention Weights)E Al Ztstgo=zx €
FaE d3dd do] Fag dFS v HAEE
3}

37 A2 ol g el AL 54L of
gote] BAH AL THeE e dY o

g o5 daxAd A WHeolth(Lee and
Ko, 2011, Wang, 2016; Chodakowska et al.,
2021). & E9°1, Lee and Ko (2011)& ¢lol&
gl ZE(Wavelet filter)S o1& 7§29l do]g

oz FIgtozA ALt EREE Folv W
Heol gl=® ~7(Lifting scheme)S ARIMAZ<}
Agsle] dg FedFs 9535ttt Wang

(2016)> ARMA®] %242 z4dsto] wr] A
g Qe oF 2o HFs FAAIIE VIHS
¢kal gl t}h. Chodakowska et al. (2021)& =}7]
#He 55 ol & HY ol & dolEe A
] AAS E3] dolE mo]=d
ARIMA 7|5te] A= a3 oF 7|HE AA

A

=

o o

\

>
o,

HEiRls

HT AFE Ve dgE A JATgE =
g 7IRke] WY Faw oF 7ol AbEAT
(Raju and Laxmi, 2020; Saglam et al., 2024,
Kumar and Pal, 2023). o] REEL ZA1% 7]
HEg 3 A5E& 2T Raju and
Laxmi (2020)+= AHEIEYl &A A 7| A g5
g FS ol &ste] =EpldelA AF dH
TS dFste 7IHS ST Saglam
et al. (2024)< v A 34, AFANEAE &

o AATE mAES 94 TH AR 2=

Al HA s 5o HA 3 WRHEES A¥etd
3 A g Y FoEFs dFee 7IHS
AotatAdh ofe] 2FEd e AdS 33
A¥, AFANAGY 2= HA HHsE A
7ol 7 e dF s HAdtes A4S
gtol 39l vl Kumar and Pal (2023)2 Gaussian
Process Regression (GPR)S o]&3lo] o=
Jaipur A GelAe] dE FoFsS dFse 7]

HE AAEAY. Aot 7|HL Support Vector
Machine (SVM), Bagged Trees 5 E} 7]A st
F RdEg ¥ $5Es EAth

oo} A, A A= o] & dHolHiERE o}
el de o] &o] S vz =
A sty dY FaEs dFste A=t
A3 (Moon et al., 2020a; Moon et al,
2020b; Aisyah et al, 2022; Dehalwar et al.,
2016). WA, A ol& o] FHE AHS 23
Yol xdsta olE YJEHWFTE EE3e= A
2ol AAFH AT (Moon et al., 2020a; Moon
et al., 2020b). Moon et al. (2020a)& ©7] A ™
T oS A9 gF dHoly F=5 ZAE S
Ast7] Ysll, A7t EE sine¥} cosine &
o] &3te] 2xYPdo = xdAT o]F Conditional
Tabular Generative Adversarial Networks
(CTGAN)E o] &3td dHolHE T3 71
S AAsFE T Moon et al. (2020b)2 €5, &
, A7 59 AKXRE sine¥ cosine FFE 9]
sto] 23 9o ®  HHAI o]F Random
Forestg Sal d&=olA9 @7 A Fods
ol F3ot= 7S Attt

g FQE oS JFS v WA

FA FHAE A aEsk= 7ol AEEA
(Aisyah et al., 2022; Dehalwar et al., 2016).
Aisyah et al. (2022)2> SVM3} Generalized
Regression Neural Network (GRNN)S o]-&3}
of QQdrjo} TEle Ao HE FagF oF
Aol IR WMErt mxE dFgFs A
o] oigk gAA doly #AS T EA
Aol e o] & oy 1] FHAAE =

PR3, ol& 7|Hto s de o7 oF &
T3t b o] dEHsE dYs

18+99tF. Dehalwar et al. (2016)2 A

m
o,
-z
E
-

oo o

&
Ko 5

3
R

L
to o
2

>



Large Language Models-based Feature Extraction for Short-Term Load Forecasting

Predict

Prediction
Value

Tabular Data Large Language Embedding Model
Tabular bata to Prompt Models Vector Training
AlBlclple January 01, 2004 is —*
Thursday, and is a Large
> public holiday. Language Model
The temperature at Models

12:.00 AM on this
dayis.. -7

Token

Output Token
Embeddings

______________________________________________________________

__________________

Fig. 1 Overview of the proposed scheme

Table 1 Template for transforming i

nput data into prompt

Template

Example

{Obsdate} 1s {Obsdayofthcweek’} and {Obsholiday}'

January 01, 2004 is Thursday, and is
a public holiday. The temperature at

Context | The temperature at {obs,,,,} on this day is . )
" i 12:00 AM on this day is 46.0 degrees
{0bS e perature ) degrees celsius. .
i i celsius.
. . . . | What is the electri ti
) What is the electric energy consumption in | 4l 15 the eleciric energy consurmption
Question in kWh at 12:00 AM on January 01,

kWh at {target,;,.} on {target,,.}?

20047
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Table 2 Input variables for model training

Numerical-based model Our scheme
Input Lo Variable Input Variable
. Description .
variables type variables type
Month, Sine value at the month Continuous on [-1, 1]
Month, Cosine value at the month Continuous on [-1, 1] b
. . 008 jate
Day, Sine value at the day Continuous on [-1, 1]
Day, Cosine value at the day Continuous on [-1, 1]
Hour, Sine value at the hour Continuous on [-1, 1] b
00S hour
Hour, Cosine value at the hour Continuous on [-1, 1] Text
Weekday, Sine value at the weekday Continuous on [-1, 1] .
. . 00S jayoftheweek
Weekday, Cosine value at the weekday  Continuous on [-1, 1] velt
. ) Binary [1:holiday,
Holiday =~ Weekdays / holidays status 0bS ), tiday
0O:others] '
Temp. Temperature value Continuous 0bS e mperature

Table 3 Output variable for model training

Numerical-based model and Our scheme

Output variable

Description

Variable type

FElectric load

Hourly electric load

Continuous

2016; Ke et al., 2017; Louppe, 2014; Kim et
al., 2023). XGBoost= ZA E 7| A&
g5s ol&ste F2d duglFo|tH(Chen
and Guestrin, 2016). o 24 Eg
T o g FEetn, ZF Efe ol Eg
oEE2 AFe o= wmdo Ao :=o
L1ghtGBMo st HolHE 3| A2EYW 7
JYPHAE F o]-§-3to] &g
ozH o= o%% Tole= Rdolt(Ke et al,
2017). Random Forest:= Ute A EgZE
TE3te] 1 ARE SFFoEHA =S AYgL

o] mel
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ml
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HF S
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& ol gdtel By ow dxun, AF A=
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0
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12955 20089 12€¥€971A] 1Az @992 3%
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Table 4 RMSE comparison of the performance of forecasting model using XGBoost

Model | XGBoost BERT ALBERT DistilBERT XLMR  RoBERTa  Electra
Numerical )
Zone Method XGBoost with Large Language Models
e
Zone 1 4666 4317 4093 4203 4332 4371 3801
Zone 2 26357 22325 22246 22238 23709 22813 18971
Zone 3 28439 24689 24365 24512 25677 25453 21429
Zone 4 80 85 77 91 78 38 66
Zone 5 1820 1926 1696 1676 1905 1968 1358
Zone 6 27548 24360 24428 24022 26142 25550 20584
Zone 7 28439 24058 23461 24079 26310 25336 20796
Zone 8 799 692 656 679 698 702 611
Zone 9 20677 21361 20698 21059 20612 21547 20033
Zone 10 38885 38190 36897 37990 35797 37766 38540
Zone 11 24821 21656 20770 20148 22661 21829 18301

Table 5 MAE comparison of the performance of forecasting model using XGBoost

Model | XGBoost BERT ALBERT DistilBERT XLMR RoBERTa Electra
Jone N;/{?:;;Zal XGBoost with Large Language Models
Zone 1 3463 3391 3087 3234 3391 3500 2732
Zone 2 19793 17093 17283 17036 18909 17740 14216
Zone 3 21356 19175 18734 18584 20343 19896 15938
Zone 4 58 67 61 74 55 70 49
Zone 5 1387 1583 1347 1363 1564 1633 1055
Zone 6 20927 19089 18812 18573 20892 20047 15360
Zone 7 21356 18623 17924 18882 20948 20035 15257
Zone 8 611 543 514 527 548 557 461
Zone 9 14629 15090 14480 14662 14614 15502 13936
Zone 10 29556 28904 27773 28603 27077 28754 29130
Zone 11 18356 16705 15696 14658 17974 16962 13180
42 ¥ 3 N #ed QENFES et 9, A7,
29 % A9 ol Az A A (1)
Ak 7ol wve AEe7 al, B o 3 @F o8] 24946 wAs A THMoon
= Rdze Hu HAIS AYPsAT FAF et al., 2020a). =3, ¥F <Y o F = One-Hot
o8& o] &dte] 53 7[ASs 2ds M Encoding %2& #&% o|xd ®Wgz, 7|2
ozl oz A3ttt Table 2% o5 R AR= A58 W=z A4 olge 9
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Table 6 MAPE comparison of the performance of forecasting model

Model | XGBoost BERT ALBERT DistilBERT XLMR RoBERTa Electra
7 Numerical XGBoost with Large Language Models
one Method
Zone 1 16.956 18.648 16.086 17.339 18.349 19.617 13.417
Zone 2 10.760 9.756 10.000 9.734 11.150 10.346 7.883
Zone 3 10.763 10.193 9.900 9.787 11.047 10.642 8.127
Zone 4 33.074 36.514 34.707 38.713 32.267 39.165 31.845
Zone 5 19.028 24.680 20.190 21.091 24.583 25.442 15.093
Zone 6 10.942 10.762 10.422 10.367 11.908 11.230 8.161
Zone 7 10.763 9.898 9.427 10.118 11.434 10.910 7.745
Zone 8 14.498 14.122 13.468 13.560 14.318 14.896 11.170
Zone 9 63.994 52.722 81.025 80.237 61.635 76.710 64.723
Zone 10 42.793 41.739 39.782 40.904 39.427 42.213 41.300
Zone 11 15.661 15.688 14572 12.927 17.284 16.029 11.313
HEES F8sle] A7k Ag FTFL o= = #H7F A%< Root Mean Squared Error
St ZdS 75319 Table 32 & 24 (RMSE), Mean Absolute Error (MAE), Mean
oA 83 ZHHFE eI Absolute Percentage Error (MAPE)ES A}-&3}
AthLee et al, 2022). RMSE®F MAEE o =
A AAGE Atele] exbE S48t WUF A&
time, = sin((360/ cycle) X time) (1) 2 FA FEFE S dF5 AYgEE )
time, = cos ((360/ cycle) < time) (2) 3, MAPE® oS3 AAgk Atole Aol&
Ao &= Aibste] Hds Wes H7F AR
Aret= 71 AF, Folxl g dHolHE 27} GosE o o= HJIAL2 on| st}
Table 13 #o] THFIE 2oz WAL Ad AxE Yeld e TabledA e, 718
o] LE 2 Eo| sl BERT(Devlin et al., 2019), 3 A5S HQ AL wa AMS oAz 9
ALBERT(Lan et al, 2020), DistilBERT(Sanh 23 o pol ASE wEe g7|sg)
et al, 2019), XLMR(Conneau et al, 2020), Table 4, 5, 6 27 RMSE, MAE, MAPES
RoBERTa(Liu et al, 2019), Electra(Clark et 71%& 02 XGBoostd]l Wale]l zF LLM 7]k <
, 2020) 5 67FA1¢] LLM< ©]-&ste] w9 oS 35e o= 7)Mo S ulwsk A

Me s F2aat. o F, 429 QP
o= wWol Hd AT AL Fd o3
ANRE EF3YHT. B =wdAE XGBoost
LightGBM, Random Forest

'6‘
5 owue olgas. 4, 4% A7 dold

=] =4
Ao 7129 HE=2 AT

(e}
2

43 &7 MY+ oS Iy M5 ")
B oErdAs AAD dFelA Fm A8

ot RE A HA FAY H]O]H% Bl
XGBoost® T} LLM<S o] &3} sk
WEE 853 XGBoost7l 4 %2 o5 e
BT 1% Electra 7]¥He] Iy WEE o]

&% o3 Jgel b SFaith ok gt 7]
wol £A dolEst A ugd 53¢ 5
ofsla o] & o5 mlo] wredstgls] wEolel
o oAEE ool 3 Alele
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Table 7 LightGBM Comparison of the performance of forecasting model

Model LightGBM LightGBM with Electra
Zone RMSE MAE MAPE RMSE MAE MAPE
Zone 1 4354 3129 14.867 3648 2606 12.706
Zone 2 23802 17237 9.190 18348 13553 7.449
Zone 3 25682 18599 9.190 20872 15260 7.702
Zone 4 70 51 31.944 62 46 30.720
Zone 5 1598 1227 17.085 1286 1017 14.862
Zone 6 24638 17805 9.128 19471 14371 7.595
Zone 7 25682 18599 9.190 19646 14407 7.261
Zone 8 734 546 12.666 595 447 10.744
Zone 9 19679 13561 61.337 18938 13185 68.813
Zone 10 38750 29195 41.446 38739 29195 41.151
Zone 11 22589 15869 13.081 17652 12573 10.704

Table 8 Random Forest Comparison of the performance of forecasting model

Model Random Forest Random Forest with Electra
Zone RMSE MAE MAPE RMSE MAE MAPE
Zone 1 4830 3498 16.969 4114 2984 14.552
Zone 2 26766 19682 10.622 21309 16027 8.757
Zone 3 28761 21258 10.611 23322 17277 8.738
Zone 4 79.999 58.808 33.170 70.382 52.353 33.099
Zone 5 1906 1413 19.499 1474 1156 16.905
Zone 6 28224 20686 10.722 22923 17067 8.954
Zone 7 28937 21320 10.648 23005 17175 8.651
Zone 8 779 581 13.677 675 bl11 12.201
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