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Abstract

Against the backdrop of high new energy penetration, electricity spot prices exhibit frequent fluctua-
tions, and traditional models suffer from performance bottlenecks when modeling such nonlinear
and non-stationary time series. This paper proposes the xXLSTM-Informer model, which integrates
xLSTM, ProbSparse Attention, and a BlockDiagonal matrix compression method to construct a pre-
diction framework adapted to highly volatile market characteristics. Specifically, xXLSTM sequen-
tially stacks a multiplicative LSTM (mLSTM) unit and a structured LSTM (sLSTM) module, with the
BlockDiagonal compression method incorporated into the mLSTM to better capture attention over
local time-series features. This design addresses the limitations of long-sequence modeling, includ-
ing constrained information propagation, parameter redundancy, and insufficient representation
of temporal patterns. To enhance robustness against scale-heterogeneous data, the model combines
layer normalization and group normalization during input data standardization. Experiments are
conducted using electricity spot market data from Gansu Province in the first half of 2024, evaluated
across multiple weather scenarios (sunny, windy, cloudy, calm). The results demonstrate that xXLSTM-
Informer outperforms baseline models such as CNN, CNN-LSTM, Informer, and iTransformer across
five key evaluation metrics (RMSE, MAE, MAPE, TIC, R2). In the typical sunny scenario, the model
achieves an RMSE of 8.863, MAPE of 4.556%, and R? of 0.987, verifying its strong adaptability and
stability under extreme market variations.
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HL IR BN AS AR 2 BIR R fer RS RBUCR G 55 2R R e, SO B E R
A PR S R EARFE[ 1] [2] RSS2 IR T AR SRS AL, A DURD 5 % i 7 i o
R[3]e UL FCR, WRES 7R Z 5l N g B . fhn, LSTM (KFACAZM4) [4]. RNN
(TEIRPRZE I 2%) . CNN (FE AR 20 I 28 ) S5 AR Y 78 H, g A7 A P00 A0 H Ay TR v 2 S B LT R AP PERE[5]-[8]0 94
MM, LSTM ZBR T HR A7 S50, s DU FE KA 741 s T Transformer (24 25%) A A 2 J5 @ RE 7T,
HFE O ()i B IS A2 2% BE BRI 1 SR B PRI RASEST R 12 [ 7] (8]

O 7t S il i 2 Fh SOdE B AR SR T RO RE Jg o o, TR 2 ) 1 e A0 A Tl 72 B N M5
BT ERVE9], ER BT AR — 4 AR R LI 10180 A g B [ 7] [8 1k 5 X JE LR 1 5 AR 1
ZIERE ST AHEAERE, B TTEAAEAEN T F0 AN AL 05338 5 A i B AN U DA R SR80 A

BEXT IR 0], ARSCHE H — Rl 22 b 25 1 0 5% RO B N P T 22 44— —Xx LS TM-Informer (K45 Hi i
B TN, B A SEIU LB RS B SR R SRE RTINS T 2 RIERI RGN
FaBRyE = JILE] . SRR T 1R 1245 (mLSTM 5 sLSTM). BlockDiagonal 4% 45 LK JEIH— 1L 54
H—ARIR G e, A T — Sl JR MR A 5 R 8 R AR SRR (VR 5 A o A ST IR 8 AR T 0 B
AICERI RS A SRR, BraeR EisE S 5 N T I BN AT i TV E R SRR
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2. EXIfE

AR, BEEFREIEZIE AW T, IS TROIE T N e TR R S Re AL AZ O TS 2
—, WRRENIHESRBEN . FHERG S P 1557 Mg T 2 Mo £.

TER YR T T, SCHR[6]R A AR 28 I 26 (CNIN) S H FBAN 7 51 (1) JR S AR i, 165 1 A5 20 0] 0 e 8
BN RERE 7. SR, CNN [EA [1)J5 0852 B BR 1) 1 oo 42 ey a5 A0 ARG Y @ i e )« RoRAhix—
BREE, SCER11 S 12]H R KRS IZ N4 (LSTM), A L TH AL @A+ 3 51 b K AR oC &R
VZITVEAE R B R S AN =T P s RIS e, (AR RIS 8] PP 31 R AT TR s v S5 AR 5 I 2R B U #E
e P i)

By AL S N0 R 1 I P BRE V) - SCHR[13]42 tH & T Transformer B L4 22 2 TN AL,
I A J R LIS OB 20 B = R, e m 1 R R S g s AU IR RE /T . Transformer 7£
drRe ) BRI, BHE S O @)W R E AR EMA HAKF g 5h AR & E N H[14].

N Transformer 7E 751 _ERITHEREN, SCHA[15]32H T Informer 2244, MR M= = SIHL
fill(ProbSparse Attention), {EfR @A IR TR E R EE S O (n log n), 1ZIEAILE Z AN ] T 5]
AE55 R I R RS FE 5 802~ o SCHR[16]3E— 224 Informer T H3 g LM, B8 1 HCAE HEL B
7 b R R AT

i 1R AL, B — AR R Bl A S 2 SR T PO S s PR DG B . SCBR[1 7148, 721
WENRIE BRI, 4EEH— W E5HE— %A SE AR I St e Sz AR 77, JUHIE A
T 24 N AL EAAAE RE R PR 5

TEEMEL SHERCR L, CH14)8RE TR A SR, BT E48 Transformer )4 &EHZE
BRI, A R0R DR SHEN A XI55 AR H 1) BlockDiagonal HLHI7E R 1T B & B i
FE—30, SHBUTTAELRUE B AR R 71 [R] I PRI BER T T -

R PR, R 2 BB AL 0BT REVR 1 ST RAE L Ak JI B B S A i A T I ATI A7 ARG B 22 . el 18
T ERER . B, AR RS RIS TS5 3— RS ) xLSTM-Informer #5141,

3. RGER
3.1. xXLSTM-Informer #8224

DR L BB T S rp AN R SR BBl R SR AR A S M AR S B, ASSCHR M T — T
RUTR P 27 S B ——xLSTM-Informer. W1&] 1 Js, FATHIRIEE 7 SRR — AN BOFI T xLSTM Bk,
EAERI TSI R Eh S B A FR, 3R 7 2 dE N Z R S OC R I BERE Ty . AT,
XLSTM HT 145 SFHLI7E OR B D SLACZ S AR M RIA I FEA b, A ROiE 7B R R S5 E R, $2
THT RIS IRIE R - 55 B BOF I Rl e B gt i /0L 89 Informer AE5R,  KIEFEAR 17 i8] 52
AR, I I PR 7% AL X AR ORIN ()25 BEATAG HETI o I FLIX—Pir B A AL BRI 1) Py 1) i e B R 4
9 e PR ANAR E 1

3.2, BuHEY xLSTM %24

RTINS 2278 B N A) A1 SR AR (1) AR e T 52 AR JT, ASCHGH fE B xLSTM BRI 14 2 B, %
iR HES T — A mLSTM BHURI—A~ sLSTM Bk, B 7R 4 @G B H 2R . ZHUR
PSS PR E R IR e U R 5F I . AE 481 RNN BlibrifE LSTM AR AT 78 B AR RCRE (ORI 25 18 1 58 B 7 [
FEAEICIZIB AN RN, 1M Transformer B HAR BAILF5 14 R L RE /), (BAE/ N IE BURBE 5
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Figure 1. XLSTM-Informer model
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Figure 2. Architecture of the improved xLSTM
2. BifERY) xXLSTM 4244
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3.2.1. mLSTM F4&R
BEAE XLSTM-Informer 4% 33H B4 A A 2 A8 B [P 0H X =[x, %, %], x, eR?, AT %
AR TR AR, D R BN AP RRFIEYE T, ARG x, 258 ¢ NI a] SR 17
P RSB [P EAT H— A S AR, WV BRAFE ) 73 A e, G Rl ZRAa e 1t
x = LayerNorm(x, ), x =W, x") e R” (1)

o RIR SR RIRN, W, RS BERUE R, xR G M E AR R
N T OREFI T ) — B0, 5IN— 4R R G
X = CausalConle(xt“” ) )
Forpx™ B A B R AL -

3.2.2. EFFE IR BlockDiagonal BRET
T BEEU SR R B9 = 2RO, 1@ block-wise #EES A BGE R )4

g, = BlockDiag, (x") (3)
k, =BlockDiag, (xtC °“") 4)
v, = BlockDiag, (") 5)

Hr g, 72 query &, HTMERFICIZPRERER: £ 2 key A&, KGRI Ltems L, HTit
FACZ IR v, 72 value [, ARRFHAFHEIIEE . EA13 T BlockDiagonal -7 [B) &V LR T i
% 3L3R/RHE7)1, BlockDiagonal BHiEdFEINEE 1 Fiom.

Table 1. Algorithm of BlockDiagonal forward propagation
%% 1. BlockDiagonal Bj a3 128 %

#1921 BlockDiagonal A [af£ 4% 14 72
HiN: FFETKE xeRPP,

iﬁ)'j'ilj y
BRI -

Pt 4E 1 out_features Y4432 num_blocks 4 ;
2R H 4EFE A block_out_features=out_features/num_blocks.

For: i=1,---,num_blocks :
PATH i D7 AH x, = Linear (x) ;
R f x, fEfJa — 4k EPHE:

y= cat([xl,xz,---,xnumiblocks],dim = —1) o

NIEHIRSEFM ], SIAFEEBOB T2 0 KL

20 Mty SRR A 3
Ct = -f;thl +itvtkt (6)
nt = f;ntfl +itkt (7)
~ ~ C ,
h=0,0h.h=g(Cqn)=—"2 ®)
max{n, ql,l}
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BANTTAR:
i = exp(zj),lj =wx, " +b, ©)

U WAV
ftza(ft) OR exp(ﬁ), ftzwfxf°“"+b_,. (10)

o NN
0,=0(5,),6,=w,x” +b, (1

Foh WL W, W, R R . RN 0. o, o, SINRATT. BT
W TR IR b, bys bys b+ by b RREG © METEEMMEIIE, FITHAT SRS
RIEsiE
it i8S GroupNorm IENAY, I RlA BkERIERE :
l;t"‘LSTM :GroupNorm(hW x“’“v) (12)

1" " skip™tt
JLp W AU AR, A™ S mLSTM BRI 4t %05 . 3o GroupNorm S8t L4 2.

Table 2. Forward propagation of GroupNorm
% 2. GroupNorm BIEMEIBILTE

#y% 2 GroupNorm i A& L

5@])\ h, eR”P H
S dJa —YEE I ROV Horp N RS, TR D=NxM ;
THEAE A R AE A o FURFE ) 2 0
PATFREA A
__XH
“Jolte
RGN INZRIGE TR SEL y, FRFE S B, «
AT 8 TSP R 41 -

x=X7+p;

IR [EHH X o

3.2.3. SLSTM FH&5R
LayerNorm 5 CausalConv % mLSTM % H I3 — AL FEE A LAFRE A 25

X2 = LayerNorm(ﬁ,mLSTM ) (13)
X" = CausalConvlD (xt(z)) (14)

SLSTM SIAZEA T 1R, 8 e £ SR B0k, B s fa A\ rh R sh A g 2w e . Hoat
SRR R (15)~(22) FT R :
M EHIRES A
m,=max(ft+mH,it) (15)

¢, = fc+iz, (16)
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2, =(WIx® +rh, +b,) (17)
n, = fin_ +i (18)
h, = ok, b =c,/n, (19)

BNTTAR:
i = exp(VKTxf""v +rh_ + b,-) (20)

BEITAR:
f =exp (I/Vfof"“V +rh_ +b, ) (21)

1A
o, =a (W x +1h+b,) (22)

Hrm, 21 1A s KBS, o 20 IHIRES, KAz, f RS, BT — )
e, MERBEFEEE: i RN, B E B RAMRRES TR o, AT, ZEHIAMIRES o, i B
R 1 FREE: n, RF—WIRES, HTRCHMRESTER: A &%) ¢ PIRECRAS, TG &
e Woo W W,o W, 3R N T BUSTTS St TSR v r rp s r, 20 0RHIN
BINTT ST S I EIBLE AR b« by by b, RWEIL o A exp WKL

3.24. MERREREN
N T IGSRFRIRAE I I NARRIE T L DAl e 58 R IR IE SR 2R, SRR 5 0 s BUR BT

IR ZE G5 -
u, =W, (23)
v, =GELU(Wh,) (24)
1y = W (149,) (25)
A = +xt(2) (26)

Horbu, XU RTRRIECRAS A, BTN “ERHY7 5 v, BX) b 347 7 — AL AR GELU
WOE R TR <T84y 7 5 r Rl R R W, IR BIRAERE, A™ R IRAMRY, SHREER.
3.3. TwHEE I

&4 Transformer 7EALFEK 7 F1 I THIIE B 0H R 4B 51(0 (n?) B 1] . xLSTM-Informer K H] In-
former 2514+ HH 1) ProbSparse Attention AL, &35 P& TERE JITHHEITFEE O (n log n), it HE
DY 23 Ui 126 S BRI (R4 A, A RSO DR S T

Mg S L o A XN

Pr obSparseAttention( 0,K, V) = softmax ( ?/71;: J* 14 27
Hr QK™ #ork Query Fl Key IS A \Jd, 4R T, B 15U K 3L softmax B . ZHLIE
R D LB A% TRUIAE 55 S I H B0 AR T SO R, BERS B M AR 47 55 L AR WA 5515 R 3 AR X oK,
AT R AR 6] W i T 370 196 T D3 L RE T
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3.4. JFA—{LHHRE ST

VA — AL SRS CE S IR BE I P A AU AE =k 3 s R I Zafee s 2R AA B ER . BRI
BARgEE L, REZERKHESmZ, xLSTM-Informer ZEAS [H] Bt 51 N0 T B P2 — 4L 0% .
JZH—1k(Layer Normalization): F T-He e # i (B 20 K HBE BEAE RE I AE, B bRREEIRIE Sk, Rk
R
x—p
o

LayerNorm (x) = (28)

Hort g Ao 3 902 N AR R B AR 22
2H JH—1k(Group Normalization): 18 % JHIE 73 2H VA — Ab 3, $& A 0 Xk AN [ A8 & () R S Jo 1 1) 5

e, RiEAWTF

X— 1,

Oy

GroupNorm(x) = 29)
Hrpp, M o, AN BHEAZ A AT A — O S E A RRHE 2 .

XLSTM-Informer B & 1 [ 1H0EE 1 5 IH—HLH], BERTT 7 ARAE mAidhish T IR ek, i
9B BRI SR AR RE ) . B0, T I S BRI AR N 25 (GNIN) 51N [B) S0 FMNRFAE
WA A R S IO S0 BERT)AB R SCARRAE R, TSR THRE R (1 17 7 S g

4. FIRESHRE

NIE XLSTM-Informer #5744 HL FTEL B2 117 37 i A% FEINAT: 55 o R0 20 AR SO Bt FiAR 2 L BRI
% SHE R TRAR AT IR 5 0. R SRR P S e T T I e AT I 2R, IR SE
I R AR BERM TN ZHME.

4.1. BEFFESHE

AT T 326 BB R 78 G X H 74 F 52 B ol A TT R AT BB T B A 9 X R, I (a5 0
2024 4F 1 1 H#E 2024 48 6 J1 30 H, BEFEAR Ry 15 280, & 3 Ron 1)\ RO AL B A
Yegiit, HA M A T/MWh, REERALE MWhe HTRIMERSL KK, T REEAE R
I IXEIAT X, x,, 05, X, X5, %0, 7, X 7P BRI EE L SR RIS S0, kiR R JefR
B, AR EE. NRBE. KITRHEE. AN .

Table 3. Descriptive statistics of eight core variables

3?3\ FERLEERMR MG

HLifY SEi K KH AR HilE RT3 K71 H7)
FEIME MEHEh KRR K LN KR KR DR
count 16,800 16,800 16,800 16,800 16,800 16,800 16,800 16,800
mean 232.7 239.7 11943.2 3794.8 19248.4 5195.9 3563.6 232.7
std 131.4 179.0 4368.7 4853.1 1250.7 3113.7 1718.1 203.3
min 40 39.99 4336.15 0 16340.13 62.55 883.68 40
25% 131.27 40.00 8360.80 8.72 18382.41  2685.11 2116.22 40
50% 200.89 240.00  11495.97 173.63 19230.02  4700.78  3183.59 180
75% 327.65 380.00  15350.73  8149.12  20119.64  7319.09  5110.37 400
max 561.77 650.00 2131216  17467.30  22802.09  15650.72  7452.98 650

DOI: 10.12677/airr.2026.153065 692 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153065

FMHE <5

FERE RS T KRR T0%MIREAAE N UIZREE, 5 20%K9I 4R, FIR 10%RIV K IESE . JIZRE
R Eh & VAR, R EAR RS 10 REGEEE TS 11 R

N T R A R R RE ST, IR R T SISO A RAESRNE X P sl e o e i )
(B AR N 1) B R R AR o X SRR A P 7 7 Ay TN BT 7 rh A S P A AR T A TR 0 Wi 175 0 R4
REJT.
4.2, AR MM

N AT PPAY AT HE A XLSTM-Informer A5 78 75 B B S0 48 TN 55 7 B R S A e, AR ST MRS
RO LU S50 5 Vi il S B P A7 AT RGL i, IREE & 2 RPN R bR A R AT SR G T o

FERRRONT LE S80I, R HC DA T BB FRAR B A g0 LEXT 4R -

(1) CNN: T A RPN Z 0 25 AN AR SRR Y, B 84 HUR) 0 IR R 4R A1E 5

(2) CNN-LSTM: &5 &GN 5K A2 M4, i S 3R B i A A B 5

(3) iTransformer: %1%F i [8] 5 54T 4504 1K) Transformer 4544, TERFAEZEFE A5 T R A L34 .

RIS T AL G B 2 5] G5 M B Transformer ZEF4 22 R ME 715, Refie WA A A B I I BT
PRI (I PERESR T Lo

PETH R SIZY 75 T, 40 R T4 H SRS e S B 45 4 1) A 5, AR SC DA A6 Informer BEALAE Ay SEAERSAY
WSS GRS . BART S, @i 7E Informer B84 5] N xLSTM B S SO AY, I7EAH [F] B
B IIGE N R AT X LG BT . %R0 BAEVPAS xLSTM AR HLE 3 S T[] 77 51 A S0t
BERE TR R o J8Id HEB P AR AE & DU Fa bR LRI ZE S, AT DA B S e B4 A5 2R A Tl A
JEE 5 P 5 T 1 e IR

4.3. XWINGEHSERIFNIER

JIT45 SE 36 7E Intel Core i5 CPU 85 F#HT, %P7 & PyTorch 3.6, # 4 JE/R T BRI F BS54k
Ho

Table 4. Parameter settings

F4. BHRE

WARFIIKE PSR RN AR FOIRINE BRINGRREEL LA SRS B
10 1 64 0.0001  patience =25 100 15

NATHVPAL BT H ) XLSTM-Informer FE%7E B H7 0 SR04 TRINAT 25 Hh M RER I, ASCEEL 7 1
A I RS TR AR: BT RIRZERMSE). FRIAX R Z(MAE). P45} 5 5 E ik 2 (MAPE).
R IRANE R BU(Theil Inequality Coefficient, TIC) L& W E REU(R?). S4RbRiias T TRIKEE . RZERE . AH
St 2 S RE IS 2 AT, Ref AN IR] A 5 S A AR (1 T 00 R &

(1) 7RI ZERMSE): i & T -5 5 SE 2 AR R ZE 3 7R, S il e e A kG 1, o4t
K22 B R UK

RMSE = %Z(ﬁi ) (30)

i=1

Forb P ONER i ANTIME,  y, XTNIIILSAE, n AFEARKR . RMSE B, 3 BIRR R BEARR 22 I
(2) FEILITIRIE(MAE): 78 AR TG 5 b P 2x 248, oo W EAgUR, A
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B T R e
MAE:%ib?i—yJ (31)

MAE & &7 ERRAE — B 5 T AR E R R, 5 RMSE A 4T
() PN ELIRZE(MAPE): 1T R TR 22 AR O 22 R, R S8 DL S e P AR T
SE PR E A 5 20 L
100% &
)

no o

Ji= ¥
Vi
MAPE X 52 FFEARBCA UK, BIiE T SEBREA AR TINES . MAPE /), 3B
RUMR iR ZE /N, HA S i S
(4) ZIRAERBUTIC): LREHIE T WNES HSMER &S —SE, &M TrEF g 5. 5
fHIXER[0, 1], BRI 0 R Tl R SR b -

MAPE (32)

1 &, .

;z(yi_yi)z
i=1
Lysre L3y
n iz l n iz l

TIC REMSHUF I AR A4 21 1 A E B IS, JUHE M T I s B3 s 5t
(5) HiERBR?): M T TEBMER S HIEZ B AR, HEXTEN[0, 1], MEHL 1 Rt
ROBEEMRE H b A B AR 1

TIC =

(33)

n

Z(JA’I _yi)2

RP=]-L (34)

n

2 (0-7)
Horh 3y ASEBRME M. RO, WAL &R las, & Bt ge iz O fe ke —.
R EAEERRIR S A M E: RMSE 5 MAE MiRZEZ45HE H &, MAPE 5% ZRAXT L], TIC
HrEFEAPNERE S, T RN k4 B IA T . LA sedqbs, LIPS, et 5
PRHGE IR .

5. LRSS

Kl 3 R 1 HOR B IEE RS I ) 7 SRR IE 0, B DA QB A G 43 B 46 % (Raw Data).
% (Trend). Z=1i M (Seasonality) Fl%% % (Residual), RIS EE A 2024 45 1 A& 2024 £ 6 /.

JE AR R 41) S I R AP AR M AN B 1, RSB FEIAE 400~650 J0/MWh 2 []. H P REBH(Z 30
R): SiFraelE 71 H B EAE K, VA8 A RE H i R CRBe T R ), B AE H AR (FL I R 0 75 SR 34 )

%45 5B STL 43 fi#(Seasonal-Trend Decomposition Using LOESS)#EHL, S IH5E 4 Ja FH 1) U Y i 28 .
1~3 Fi#a%E M\ 285 7o/MWh T [ 2 235 J0/MWh (F51@ 17.5%),4~6 H [21 7 % 305 76/ MWh (FH 29.8%)
R P I e S FRATT T LA B G b Ak B b 7 30 AN A B RRAE s DU T 1000

%% 5 fiizn, xLSTM-informer #%7E RMSE (36.959)#1 MAE (9.312)4845 ER AL, TECT HAh
7 . xLSTM-informer f{] MAPE {4 7.349%, Z{&%T iTransformer (55.514%)#/1 CNN (76.333%), xLSTM-
informer [ R2E4 0.922, I 1. S5 %4545, xLSTM-informer #5784 7E FNAS B . 002010 5 A0 i) —
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Figure 3. Time-series feature decomposition of electricity spot price

3. AN AR B FIHHIE 2

Table 5. Performance metrics of five models

5. AMRELR FHEIRER

izt RMSE MAE MAPE (%) TIC R2
xLSTM-informer 36.959 9.312 7.349 0.091 0.922
CNN 90.736 51.720 76.333 0.224 0.638
CNN-LSTM 70.538 30.054 36.805 0.175 0.781
iTransformer 91.805 43.531 55.514 0.227 0.629
Informer 54.408 25.554 32.815 0.135 0.870

N T REE— U A SO R AR, AR T )\AN I 18] B 1) 5 F T % A8 Tl 45 S F8 broxt
EE, 3% \AN I ) B BB AR I R UG L2 U2 T R(6.8~6.9, 6.18~6.19), KJX(5.8~5.29, 6.25). BIR
(5.28~5.29,6.20~6.21)- MK (6.21~6.22,6.22~6.23). TEX YRR T, REEWILAEE, FEM0
MBI, BTl A0 RIRATA IR R DALE IR SO 5L T RS dE TN, A0l 30 B FRATIASE 28 ) 8 A 1 T
it

Kl 4 JgoR T RIS LR TG XS R R R RS T DY AN SRS B T 820, e (a) (D)3 il %
NGRS B 6.8~6.9 F1 6.18~6.19, (c)+ (d)73 7%t LK KU B 5.28~5.29 1 6.25. 45 HY T % 1AL 7 % )
B TS 5 S b E il A it 28, FH T BEOWRT L L PR R - 32 6 X5 BEAUYE RMSE MAE MAPE (%)
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Figure 4. Fitting of predicted and actual values under windy and calm weather

4. BRERXSER THMES KPMEME

Table 6. Performance metrics of five models under windy and calm weather

6. ARENRSER T AMRE R LKIEIREER

Ei=tn RMSE MAE MAPE (%) TIC R?
XxLSTM-informer 26.655 4.809 2.085 0.084 0.954
CNN 35.040 15.012 16.529 0.111 0.920
T 6.8~6.9 CNN-LSTM 21.698 6.659 2.012 0.069 0.969
iTransformer 35.001 11.441 7.761 0.113 0.920
Informer 34.614 10.707 5.286 0.114 0.922
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xLSTM-informer 32.201 13.080 8.584 0.052 0.958

CNN 94.644 64.716 76.013 0.153 0.636

JoA 6.18~6.19 CNN-LSTM 108.367 59.644 80.857 0.173 0.523
iTransformer 104.535 63.192 68.242 0.170 0.556

Informer 57.879 37.360 39.750 0.095 0.864

xLSTM-informer 22.124 4.033 4.110 0.132 0.879

CNN 54.206 25.970 51.174 0.309 0.274

KK 5.28~5.29 CNN-LSTM 26.489 7.523 12.087 0.155 0.827
iTransformer 51.040 16.812 26.372 0.306 0.356

Informer 31.263 10.730 19.993 0.184 0.758

xLSTM-informer 40.923 14.500 15.276 0.089 0.914

CNN 128.682 88.896 125.793 0.285 0.147

KA 6.25 CNN-LSTM 77.036 46.444 53.066 0.170 0.694
iTransformer 126.902 79.013 102.766 0.282 0.171

Informer 58.251 34.535 47.095 0.129 0.825
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Figure 5. Fitting of predicted and actual values under cloudy and sunny weather

5. BAREEXRER THUMES KPMEME

Table 7. Performance metrics of five models under cloudy and sunny weather

F 7. PAREBEXRIER T RMRE & LKI5FRER

&b RMSE MAE MAPE (%) TIC R2
xLSTM-informer 22.124 4.033 4.110 0.132 0.879
CNN 54.206 25.970 51.174 0.309 0.274
FHK 5.28~5.29 CNN-LSTM 26.489 7.523 12.087 0.155 0.827
iTransformer 51.040 16.812 26.372 0.306 0.356
Informer 31.263 10.730 19.993 0.184 0.758
xLSTM-informer 30.097 9.097 6.962 0.083 0.948
CNN 104.158 67.318 99.936 0.288 0.375
K 6.20~6.21 CNN-LSTM 77.715 33.753 50.276 0.208 0.652
iTransformer 111.110 61.293 80.040 0.316 0.289
Informer 52.693 28.163 31.043 0.152 0.840
XxLSTM-informer 8.863 2.672 4.556 0.043 0.987
CNN 54.889 26.966 49.799 0.264 0.518
5K 6.21~6.22 CNN-LSTM 33.289 8.940 14.340 0.163 0.823
iTransformer 58.065 20.645 29.771 0.287 0.461
Informer 27.461 11.776 17.046 0.143 0.879

6. &5RIE

ASCEF R REIRIS I AW ETE B R M H 28 R R I SR T I PO (] R, B T —
T 1 22 b &5 M A1 35 140 3 R0 R P T 48 44— —X LS TM-Informer. ZAEALE L& 2 RERREER. £k
MBER NS, sLSTM 5 mLSTM [ 1#51212864% . BlockDiagonal Z4( 45 5 XUH— LS, 7EAEN
PR e M W] S I A 2 A O A S 3 R
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DOI: 10.12677/airr.2026.153065 698 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153065

FMHE <5

BeARIZL A% RARUR G 5T R 57 (K & B L S I NIRE 7)o B IR A e T 2 3 AR T o
[IHE, A AAAESEPRE MR T35 F 6 T RGBS P s T i TR AT . THREseIe s —
IR T R & TR AP FIVE T, JLrh XLSTM S5 M 7E A 2 A8 i 52 ) AR 28 1 5 T e 21 ot 1k
S

SUEA, xLSTM-Informer Z4) (i 3 i 22t ¥R BEIN Py BN AR s AL S it 107 i RAAR 4
AR, Fr@aicls. RS ENER ARG SEE. BEEREBRM. EME 504K
il RERI AR, XTRRE L . ARKE IR TS 7Y F) 75 SRR A 5 2

5 L i, xLSTM-Informer AXAEBEVR S5 44 L HfERE 7 IR BE I 7 AL BOR 0 5t 9 it v 3 REAL
r IR ARSK B R GEPR A T BORSCHE S SRR AR, HHE) W ) SR SUOME A BB AR 2 R IR T AE 55
TR

EHEWHE

A FNE K HIRRLEIE S TH (62467004) K« [F W H 7R EARNGE 2024 EH B W H A LIRS
HL LB T 4 S B B e febn E B 7L 7 0 H (HX2025C51100001) 55 o

SE

[1] Pikus, M. and Was, J. (2024) Predictive Modeling of Renewable Energy Purchase Prices Using Deep Learning Based
on Polish Power Grid Data for Small Hybrid PV Microinstallations. Energies, 17, Article 628.
https://doi.org/10.3390/en17030628

[2] Baskan, D.E., Meyer, D., Mieck, S., Faubel, L., Klopper, B., Strem, N., et al. (2023) A Scenario-Based Model Compar-
ison for Short-Term Day-Ahead Electricity Prices in Times of Economic and Political Tension. Algorithms, 16, Article
177. https://doi.org/10.3390/a16040177

[3] Weron, R. (2014) Electricity Price Forecasting: A Review of the State-of-the-Art with a Look into the Future. Interna-
tional Journal of Forecasting, 30, 1030-1081. https://doi.org/10.1016/j.ijforecast.2014.08.008

[4] Hochreiter, S. and Schmidhuber, J. (1997) Long Short-Term Memory. Neural Computation, 9, 1735-1780.
https://doi.org/10.1162/nec0.1997.9.8.1735

[5] Kong, W., Dong, Z.Y., Jia, Y., Hill, D.J., Xu, Y. and Zhang, Y. (2019) Short-Term Residential Load Forecasting Based
on LSTM Recurrent Neural Network. IEEE Transactions on Smart Grid, 10, 841-851.
https://doi.org/10.1109/ts2.2017.2753802

[6] Rafi, S.H., Nahid-Al-Masood, Deeba, S.R. and Hossain, E. (2021) A Short-Term Load Forecasting Method Using Inte-
grated CNN and LSTM Network. /IEEE Access, 9, 32436-32448. https://doi.org/10.1109/access.2021.3060654

[71 Zhong, B. (2023) Deep Learning Integration Optimization of Electric Energy Load Forecasting and Market Price Based
on the ANN-LSTM-Transformer Method. Frontiers in Energy Research, 11, Article 1292204,
https://doi.org/10.3389/fenrg.2023.1292204

[8] Yang, G., Du, S., Duan, Q. and Su, J. (2022) Short-term Price Forecasting Method in Electricity Spot Markets Based on

Attention-LSTM-MTCN. Journal of Electrical Engineering & Technology, 17, 1009-1018.
https://doi.org/10.1007/s42835-021-00973-5

[9] BKYL. PRIES: > 7E #0400 b ) TR 98 [D]: [ 22018 5. KJR: KR FHE K2, 2021.

[10] Laitsos, V., Vontzos, G., Bargiotas, D., Daskalopulu, A. and Tsoukalas, L.H. (2024) Data-Driven Techniques for Short-
Term Electricity Price Forecasting through Novel Deep Learning Approaches with Attention Mechanisms. Energies, 17,
Article 1625. https://doi.org/10.3390/en17071625

[11] Kilig, D.K., Nielsen, P. and Thibbotuwawa, A. (2024) Intraday Electricity Price Forecasting via LSTM and Trading
Strategy for the Power Market: A Case Study of the West Denmark DK 1 Grid Region. Energies, 17, Article 2909.
https://doi.org/10.3390/en17122909

[12] Bara, A., Oprea, S. and Baroiu, A. (2023) Forecasting the Spot Market Electricity Price with a Long Short-Term Memory
Model Architecture in a Disruptive Economic and Geopolitical Context. International Journal of Computational Intel-
ligence Systems, 16, Article No. 130. https://doi.org/10.1007/s44196-023-00309-3

[13] Shejul, K., Harikrishnan, R. and Kukker, A. (2024) Short-Term Electricity Price Forecasting Using the Empirical Mode

DOI: 10.12677/airr.2026.153065 699 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153065
https://doi.org/10.3390/en17030628
https://doi.org/10.3390/a16040177
https://doi.org/10.1016/j.ijforecast.2014.08.008
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/tsg.2017.2753802
https://doi.org/10.1109/access.2021.3060654
https://doi.org/10.3389/fenrg.2023.1292204
https://doi.org/10.1007/s42835-021-00973-5
https://doi.org/10.3390/en17071625
https://doi.org/10.3390/en17122909
https://doi.org/10.1007/s44196-023-00309-3

Fhks 55

[14]

[15]

[16]

[17]

Decomposed Hilbert-LSTM and Wavelet-LSTM Models. Journal of Electrical and Computer Engineering, 2024, Arti-
cle ID: 4575735. https://doi.org/10.1155/jece/4575735

Liu, B., Li, Z., Li, Z. and Chen, C. (2024) CL-Informer: Long Time Series Prediction Model Based on Continuous
Wavelet Transform. PLOS ONE, 19, ¢0303990. https://doi.org/10.1371/journal.pone.0303990

Tran, N.T and Xin, J. (2023) Fourier-Mixed Window Attention: Accelerating Informer for Long Sequence Time-Series
Forecasting. arXiv: 2307.00493.
Xu, H., Peng, Q., Wang, Y. and Zhan, Z. (2023) Power-Load Forecasting Model Based on Informer and Its Application.
Energies, 16, Article 3086. https://doi.org/10.3390/en16073086

I, M5E, A3CUE, % 2T LSTM + Self-Attention [ HE 744 T AR L 75 [C//h [ B ML TRE2- & B S
BAEWZE RS, BREMNAREBEESAF. 2023 BTG BAESISSUE. dbat: dbap e EER
ARB R A, 2023: 127-131.

DOI: 10.12677/airr.2026.153065 700 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153065
https://doi.org/10.1155/jece/4575735
https://doi.org/10.1371/journal.pone.0303990
https://doi.org/10.3390/en16073086

	一种融合稀疏注意力机制和BlockDiagonal矩阵的xLSTM-Informer深度学习模型
	摘  要
	关键词
	A Deep Learning Model of xLSTM-Informer Fusing Sparse Attention Mechanism and BlockDiagonal Matrices
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	3. 系统模型
	3.1. xLSTM-Informer模型架构
	3.2. 改进的xLSTM架构
	3.2.1. mLSTM子模块
	3.2.2. 基于注意力的BlockDiagonal映射
	3.2.3. sLSTM子模块
	3.2.4. 门控投影与残差输出

	3.3. 稀疏注意力机制
	3.4. 归一化机制融合设计

	4. 数据与参数设置
	4.1. 数据来源与描述
	4.2. 模型对比与消融实验设计
	4.3. 实验训练参数与模型评价指标

	5. 实验结果与分析
	6. 结束语
	基金项目
	参考文献

