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Abstract

To address the challenges of complex time series data characteristics, diverse patterns, and high
computational complexity caused by long-term dependencies, this paper proposes a multi-scale
time series prediction model based on selective state space and temporal convolutional networks.
The model dynamically allocates expert modules to different types of time series data through a
mixture of expert networks and captures multi-scale features by integrating one-dimensional
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discrete wavelet transform with temporal convolutional networks. Specifically, the expert modules
decompose time series data into high-frequency and low-frequency components using wavelet
transform, extracting short-term fluctuations and long-term trends, respectively, and performing
feature extraction through temporal convolutional networks. The processed data is then fed into an
encoder, which employs a selective state space-based Mamba model to simultaneously model for-
ward and backward temporal information, enhancing temporal modeling capabilities. Experi-
mental results demonstrate that the model significantly outperforms existing baseline models in
multivariate time series prediction tasks across various domains, including transportation, eco-
nomics, weather, and electricity, validating its effectiveness and robustness.
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1. 5|15

B R P~ ST RO (AT A JRE I 8] PP 91 T 76 1 22 USAS 1) 772 M o AR R R U 1], I
(] P 7 T30 A T3 Sl 3 ) 5 5 Bt R SRARAG 3R AL 7 RS R AR BRI OUR[2], ks T 45 SR
REFEH I E S A A MRIBE T E AL ESE AR THS REIRTE AR T 75 T [3], i &) 7 47
TRIMEA 3 R DA BEVRET B R SRER AL 1 RHA IR R TT o VEORTR I S S U RN 2 —, I
[ > B TN 22 A 27 R U8R B L Ml vt (RO IE T {5 S B RS

1T (8] 3 SR R AR R A%, E AN )Py 2 T 55 75 AR T i o 2 Ahpkdild o ¥ EEBARAE T it
S E 2 BB, OiEESE. F0E. FITEDURRENINE A S @S IR K 5R
AR, ZEER I [ 5 I 18] 18] B Py B BRI (U0 < ) B S 39) i el SO0 DU = ] 1] e £ 38 8l (n
PP A, Behh, AMEEER (R A FAR) TPt N T RS R . X AR A A
(7] S AT R DAL, i, Fi ) et o B BRI Z Pk [4], 10 e iy 3 Bl W A A 2 B ek v P
BEALIE AR BN R[] XA e o P A A4 B ALY e DA 3 2% AN 1) P 1) e o I ) P 70 9000 AL 55 T W
3> PR ORI PP B B SR A R A, T 4 22 R T R RO T I B R P S A il
R TII AR RR ARG AT RE 32 KT B 2 B i U A R i [2] o AR GE e PRI AL (I RNIN 5]
LSTM [6])7F A R SYIARAGURS , T i 5 P52 Y1 24 S0 FSE M AT (0 DRI 553, 3 LAAT 2880l Bzt P S MR OG R T3 6
BEE IR RN, AT R R R BT, U R R 2 AR R R, TS B
R AR, X R AR RN ZR AN HEREAE L . BRI, AT R CRAUEAR R R BE A RN A
BRI, A 8] 51 5000 AU A A ) 7 fLZ —

BRI 18] 7 B 808 Hh 2 % 2R R SRR B, A% G5k 1 B T Ge it 22 SRR . G Elfkey 58 A [7]
SR U % BR B 1) E R DR TR IF 0 e, SRR It 8] 3 810 o g JA R A R, I vl A ise
Bl A LR VEAT PR, M DGR BLSEH F ip RIS AR LRI e i . O 1 SeiRoX — RBR 1k, e i
[ A 77 i%, 0 Pfander &5 A [8]45 ¢ 1 HLHH A M/ N AR Hie, A3 ORI 17 I ) 1 471w K)ol 303 e
fiE, BSAIE T AU AT AE AL B AR T B T A . 2R, ARSCER T G BN A AR [ 2 K
AT 2 RUSERAIESE I, BEAh, KPS T S R 2 B 1) . RSP I T E R R ML A 7Y
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PR Ea I

(tn Autoformer [9]. FedFormer [10]. Informer [11])BER8HHE K BE B AKH > &, (HHEHEERE R 51K
FER T ROTIGK, BRI T HAE KRB P E AR R . b Autoformer it 1 —FhEE T RHARHIE ) H
AL, R T FIRAZ RN IERI S R . R Autoformer [ B AHISHLEA &AL T B = L
BT 2, (HE A LEHET Transformer . 443K 7%, Autoformer 4775 B K& 15
. Informer 5] N\ T ProbSparse yI: & Jy#L, @it KL BU% & & Query M= MG, Wb TiHEE,
IR AN T A, SR1f1 ProbSparse y3: & AL £E 2 W 75 AKX R ILAFRE « Fedformer 454 1 JitE
Rap AR, BERBER RSN, SRRKFAIRA, HRH TR G751 P,
Xof FEARTY e ) (U 58 S AF ok ) R A RE 0955 X e vk ERARAA TR T KR B AR ), E AT I 7 R
JRBR: A B 1B R R —a X, MECLRIRNE R A S SR S PR AR AN A
TEZIET HRm PG R, BB AR RN S AT RS I [y 52 ma o feilr, 55 THIRES 2 (ALK Mamba
B [12] e F ARV FE A s RO K7 SRS R ), (E P FIME S R IR . BE T oth, ASCHE
Mamba #5715 fili 04T 7 ik, it [R] I AL IE ) R [ B P ., B 5 T B 41 () AR

X FIRANE, ASCREH IR T — M TR K WA 1) 2 REERFIESRINESE . 158, it ]4%
B BT 8] 20 508 20 B B R & AR p, X — Ay L FE R 5 8 T i = S e i iE . 18
T L FR e, RN ol B o R o R SR B, A B I K A E R, I
T I ()RR X G B ATRFAE SR o X 22 RS REAE B UML) 3 5 1 %o R A e R E . B SR, &
i SR I 285 A B ) BN At o N B e i 2 P g — AP AR YRR U A S S, SRR T S Mamba 15
Bl — AR R R, AN ERI I RO o IR AR vk A R T e S AR IS
B, BT TR AR O R ERAE /7. A, Mamba AT R MR S AR S, A
AR RE, R aAUe B K 588, &a, SCIngi R, AR SCRRIE 248 5 I 8] 5 471 Pl
RS RIS« EASIE . 20 KAV LT IS A PSR 5 |, RS A0 T UG B4k 772,
BOAE T AR A 7 B v A R S

ARSCHIGER ZHE R . 28 2 ATeR T A EUE U CHE R A, 55 3 TN T AR SUIB B ME L I F ik
TR R ARSI IE S T RE B 4 T ROR T SEIRAE AN AT BRE, (R S TR, BAS T e
TARHE— D R T AR AT REIB LT I
2. MEMIR

AATLE I I X G, B R R A RE AL AT T RER, B S VEA IR T &S TR,
58RI FH /NI 78 45 RN ] 58 I 288 e SR IF 1) 757 210 Je) AR AE (VR 5 0 SRR, SR e bR 2% (R A B X AR A
B AR Y A AR AR
2.1. [E@ENX

2 A% B ][] 3 41 R0 AT 55 ) FH ot 25 R B T 7 1) 20 S A F00 00 A Sk ek ] R FRMEL e it 25 5 17 s Wl
X ={x, %} e RETN, FUASKMB A TFIY = {Xq, 0 X ,s f e REN o Horh, BRRHE RN, T
ARDT I EE K, S R T BT A ASRIN [ K, N SRR BRI ] 0 8 S A
2.2. INETEHR(DWT)

— 4k B BN AR e (Discrete Wavelet Transform, DWT) [13]2 —fis S4B T H, feigln #1550
R R v Ay B AT o B o 1R AT 40 S0 S S A 5 () 44 30 43 (L M s Bl AR A ) TR AT 2 D) Sk
NAF 5 P (e 35 sk 2 M8 AR 4) . DWT JE3ff i — 41/ 3 s BB 5 A0 iR, X eI pR 30
FH R BRI/ N R R G, T TR HUE S S &, J5 & WA THRidE S Eiis &. DEEER
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HomRD o BN T PR AR RBAAE Sy x[n] . KB N, U DWT B iR T
A;[k]=>x[n]-¢; [n] 1)
D; [k]=>x[n]-w;«[n] @)

For AR D 3RS BN s B\ Ay 23 2R RUBE RR BN e e RUEE R B K

Ab B R R4 TEOE 3K

2.3. FFEEFRME(TCN)

I} i) 35 AP 4% (Temporal Convolutional Network, TCN) [14]/& — i Ab 3 i i 35 A7 22 /0 2% 284
TCN FllH —4EE AR 5K B AR HE T P40 R KB IKBOC R  y sk B AUEIE 5I N “ 207 9 R Z2 B,
KNI AE AN 58 0 2 58 ) 1 00 N il S BE B AR R &R o BN T S0 X = (X, Xp, o0, % ) > BN
W= (W, Wy, W) TIRE A, SR KRB LLR RO

k
Ve=D W Xy ®3)
i=1
k
Yi :Z;,Wi “Ked(i0) “)

TCN WAL Z ZY KGR, RIYIKRBHIE N, WEHEMH ReLU MBS, JFE
LR JE 3 At 13—k (Batch Norm [15]). 25 | )2 TCN vk 55020 30b5 58 5 ik 78 3 36 43 31 P de 24 i 1
FHIR:

k
y = ReLU (BatchNorm (Zwi : xmj] ®)

output =y 4 x!Y (6)
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Figure 1. Framework of model
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K 1R TRR AR AN, HEIR . BRIBE M. MG, BAHRHER K. o, ZEA
—ACBR[L16] ] LAH 55 R AR 18] 3 SR B PR PR s B R [L7102 — AL O KPS FIIAE 55 €
il B A SRR 22 P 25

PRI (A 00 LA e SRR P 2 AN A 8 Rtk o Pl T IF 1) o 21 50 £ 9 7 J SR R L v 2 2 A
FGE 3 TRt ge it IR B A MR AESR BT iR CXEDUA OB . ik, ASCRA T B FRIRE ML, Eidl]
PENUHDRE B A U SRR AE 0 I K 2 BE 21 7] — L OB rp b AT A B . B OB B 3
NP AN [ SRR 2%, e /N AR R BRI AS R L SRR T AT T 22 5o I 8] e 51 22 /N A e i
NI EGAR B, SR A R ()26 B 2% SR B 22 RUSE FAUIARRAE o B 5 Bt A\ g b 2 b7 2, 2
B2 A P2 TR 42 (8] SEELIY) Mamba AL [12], 73 J3 Ab B IE ) 5 30 (A I e et 9 S e s
T [ fE

3.2. BIRAYFESRENARIR

ANIEI N s, I TA) e 2 Bt B 3 22 S A A R AR o DRI, e R 2 1) /N AR R 0 it S B
R BERRIR . J0 i 2 R B BRI 2 RUZ 0T RLIE . — Ok, SR VI [) 3 41) 75 22 BE R 10 43
filt E A LA T PRI B AEARAE, B /N EHORT e 5 BUR Z R IR 8, T K = O T RE S
ATRGER, ERSBERENE. AMIGX—m @, KGN T LHRKIREMEEAR, @il R E
B, BEBE AR N 18] 7 51 K00 1) Rr I Sh 25 T BN i AR B K 23 il I 2, AN T ZE A9 22 RUBEARFAIE 1Y) [ B 3 4
TUARAS B, SRR T 1 BRI AR RE AN TR

mE 1 iR, BRIBEMSH—ANEEHRE. 2D RERLE—NREREE . N
Xy € R¥TN E i@ i i NBEHR AL BE , W a3 b i R I X X, e RNV, o, B3R
AEEARN, N RREANES AR ERE, d, WA RN X, (ERRE LXK, &
Sl i B B R HOTH SR I IO G A L . X — i R T ANEAR M FE T A R, BN
ANTRV RV BB 1 7€ B G N WS . % R B BAR A S () s .

R(Xmp ) = S0ftmax (TopK (( X yW, ) + € - SOftplus (X Wi ) K)) @

emb emb

St ROFTRENBMEEL W, Wi, € RO RFIT AT MRS, N, TR ERIHR,
TOpK() &R R R k A

I SR B HTHLAR )RR AT B0 % S TER 465 SO U X, € RO JE
HREREIIAERS . Hd, B R RS I N LRI ERD . BEREPRA T RC)M R £ IR R £
T KRBT T80, FEMAURE T, 0 T GRIEFTH % 5 08 4 R A P L (R — B,
{6 TR & S RO BT AR R BB A X ()BT«

XMoEfout = Zﬁ(ﬁ(xemb )i > 0) R(Xemb )i Ti (xeixpfout) (8)

o, L(R(Xemp ), > 0) FR2 R (X ), > O AT 1, 54T H O,
L AR YRR T /NI AR s AR RN 1) 25 87 W 4% (Temporal Convolutional Network, TCN). 414 1 fifr
R Kipert_in € RN FORES | AL FMU NN/ NS N, T8I — 4 /N8 4(1-D Discrete

d A

Wavelet Transform, DWT)B AR EFIA B Le R 2 RIEHAEH e R™ 2, f5/ 40 5 FAII ]
S TR L AT AR AEHRER, o T 7 BB A B B O\ SRR 0% [ I A R RN )RR E S 8, HA R
TFUIR(O)Firs . SREHLI B A A R AU 258 4 R P HMAb G, S i 4 et AU AT (TR . B
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AT PR
HéAP' LIGAP =TCN(DWT(Xexpert_in )) (9)

HéAP' LIGAP =TCN(DWT(Xexpen7in )) (10)

3.3. fREDERIER

SR R RS A e A B B VIR 25 4% 1] Mamba BRI ZH AR B3] 1 T, gmhd g H py i 5E
HEFZ 3 — LA (Layer Norm, LN). Mamba #E4 DL K Fif i3t % 2% (Feed Forward, FW). 7Egmtas b,
AU ) 2 [ 18138 I TR FE A 2 N 2 WIS RE ), A AL 4 B4 N 7 81 R I AR OR R s B IH— 1R [19] 4%
Bl 3 — e v m o A, ARG T RSN oA 22 T S BRI SRR . AR ST 2 )2 i 2 A5
B, BEHAE LE, 5 2mias B8k fEangh X, = Encoder(xe'n‘l) , FEREIR

Sh = Mamba (LN (X! ))+ Mamba (LN (X};" eere )) 11)

s' =LN (FF(LN (st ))) (12)

Hot, Xi, =Sed, e {le, L} FoR8 | ZMmIBEIIHIE . X5 aerse TSI AT 51 X}, BEAT T 8L . 241=0
I, RALES TN X o) B TR TR X yoe ou o Sy Sew € R¥Nm 23R ¥172 Mamba #EL i, LA
Lo st . Horh B ZoRft &N, N R M PR R NEE, d, FORRHELERE RN,

Mamba BHCR T XU SOFATALBREER,  nfE] 2 Fros . BNRHE X, e R¥™N 4 43 Be 2P AN BT
ALFRERAR T o FEEE— N0 S, BINRFAL Samn B S0 VE AR HZE Linear(VEBEATHEREY e, ¥ /R4ERE e
JeA T a RGE. B, ¥ REJE R IELIRE G EE Convld()AbBE . Dyt — DR THRRARLE N, SIANT
PRV IRAS 25 (A B (Selective SSM), H L T AR S ANV B, M4 SR ASE IR S0 AN [ Sy A\ RFALE PO
RIRE ST HBIASHEENLEI LT

X, = Silu(Linear(X ) (13)
X, = SelectiveSSM (Silu (Convid (Linear(x)))) (14)
output = Linear (X, - X,) (15)

Selective
SSM

Figure 2. Structure of Mamba
2. Mamba &R 51 [F]
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FEF A3, BIARHE San FIFFLIEEANEALHZ Linear()HI &S Silu() s ek B AR L EAL 2
PIA I SCRY VR R I IR T R R &, XA AR T %70 SR 5 S, et 1R AR A B
ANGHEER. BRJE, N TR SRR — 30, B S S RS L 2 Linear()#EAT4EZIL R «

PRS2 (] A5 2 (Selective SSM)HE I B A 1 BOR A 45 AR S 406 [, 3958 1 0 A A N RFAE A
WA NLRE o FAZ R B S HOE R, AR BR T IO N 7 A1 T Eh & % . Selective SSM FARZS
HeR TR aRAe) AT s, A, B, C,, D, 73 AZ s AR St AR IESh A B I S HOE R

h = Ah_ +BxX (16)
Y, =Cih + D (17)

4. SEEER

AN A H I P R R AR . SRIRGETT . FELRETAL, VPR, JRIEIETE 4 N EUR A (EAERE
JE RAMAZIEEE) FgAT SR PR B () M R . BRI SR e 1 P, SEIRAH G E Rk
e 2 fioso

T BB YERE, R T TN TR B TR R LA Y 14T LA Informer . LogTrans. LSSL. TiDE.

Informer [11]: #2Hi T ProbSparse HyF: & JIHLE], Hfl 7 vER 30 Ak 577 20 FI A K TR
STAPE, @R AT AR ARG AL T S SR T A 1R 1 T A A S

LogTrans [19]: FI ANA EyE = JIHLE], FH R AR AR o v Fn e, AT B8 4 ook S/ 3 1 F SCfE B
A BER L .

LSSL [20]: #&H T —FHiRA 2L, K5 AP E 45 (RNN) A5HH I 2% (CNIN) I IE S (] A5 8 5 28 140k
AT E, G T & SRR B0 i 8] 77 51 B0 3247 7l .

TIiDE [21]: RAZENZ ZEEIHLMLP)ST i 25 (s [8] 7 51 5040 A AR S A7 g, 08 F AL
MLP &5 4 Rt o Sk e T 15 20 B A B A &

Table 1. Description of datasets
= 1. BURSRIEMEL

Traffic 862 (12089, 1661, 3413) 1 /Nt
Weather 21 (3660, 5079, 10348) 10 %
Electricity 321 (18125, 2441, 5069) 1 /e
Exchange 8 (5120, 665, 1422) 1K

Table 2. Experimental setup
T2 FLHRE

W B I BARE
ISR NVIDIA Quadro RTX 8000 GPUs
YIZRAEHE PyTorch
b #s ADAM
e le
R R4 L2 sk
i)l epochs 10
& RPN 1S T=96
PR ALY SR TR A & F € {96, 192, 336, 720}
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R (Metrics): £ 8] P 7 TG L6, 2% 7 PIASH I fabe FI T PP BEERE, o0l ~FIgns
WRZE(MAE)HIY T iR Z(MSE), AR PIR:

MSE(r.Y,)==3 (5 -, ) (18)

n
i=1

Sk S|k

MAE(r,Y, )=

(n-Y,) (19)

Hor, n FoRBEARSE,  FORE T IHEARRESSE, Y, FoRE AR E.
4.1. BHEIFFITMLE R
NI A IR R MR Re L A, 34T T 2B &N P52 . S8 u% 3 fras, HpisbRriE

Ko m AR R . FITEAR MSE/MAE fEIERAR, FINSE RMERG . SEUGRW], A SO AR A7 il 4 15k
LT s P RE

Table 3. Multivariate time series forecast result
%= 3. ZLEMNFTNER

Models MSTCN Informer LogTrans LSSL TiDE
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.140 0.237 0.274 0.368 0.258 0.357 0.300 0.392 0.237 0.329

2> 192 0.160 0.266 0.296 0.386 0.266 0.368 0.297 0.390 0.236 0.330
g 336 0.160 0.271 0.300 0.394 0.280 0.380 0.317 0.403 0.249 0.344
ﬁ 720 0.203 0.289 0.373 0.439 0.283 0.376 0.338 0.417 0.284 0.373
Avg 0.166 0.266 0.311 0.397 0.272 0.370 0.313 0.401 0.251 0.344
96 0.084 0.200 0.847 0.752 0.968 0.812 0.395 0.474 0.094 0.218
o 192 0.177 0.303 1.204 0.895 1.040 0.851 0.776 0.698 0.184 0.307
‘cE 336 0.329 0.418 1.672 1.036 1.659 1.081 1.029 0.797 0.349 0.431
0 720 0.875 0.702 2.478 1.310 1.941 1.127 2.283 1.222 0.852 0.698
Avg 0.366 0.406 1.550 0.998 1.402 0.968 1121 0.798 0.370 0.413
96 0.381 0.256 0.719 0.391 0.684 0.384 0.798 0.436 0.805 0.493
o 192 0.388 0.267 0.696 0.379 0.685 0.390 0.849 0.481 0.756 0.474
;‘E 336 0.450 0.294 0.777 0.420 0.734 0.408 0.828 0.476 0.762 0.477
" 720 0.472 0.235 0.864 0.472 0.717 0.396 0.584 0.489 0.719 0.449
Avg 0.423 0.263 0.764 0.416 0.705 0.395 0.832 0.471 0.760 0.473
96 0.165 0.213 0.300 0.384 0.458 0.490 0.174 0.252 0.202 0.261
5 192 0.211 0.252 0.698 0.544 0.658 0.589 0.238 0.313 0.242 0.298
<
§ 336 0.269 0.299 0.578 0.523 0.797 0.652 0.287 0.355 0.287 0.335

720 0.350 0.353 1.059 0.741 0.869 0.675 0.384 0.415 0.351 0.386
Avg 0.249 0.279 0.634 0.548 0.696 0.602 0.271 0.334 0.271 0.320

fE Electricity #nk b, ASCBRKF- 2 MSE i3] 1 0.166, BOGATHIH 4R (0.193) e 1 14%.

e
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7 Traffic ¥4 b, ASCHRE B MSE “FRMEEXR] T 0.423, BIeArifES R(0.617)57 T 31.4%.

BB R0, MR TN K (96 192 1 336) K I R . 7E Exchange B 4E T, K
fE29 96, 192 Al 336 B, FLIRAALA T3 TERE HIPETE T 21.5%. 21.7%. 10.4%; 7 Electricity $4i4E
o, AR BE R P R RE A IR TE T 16.7%. 13.0%A1 19.2%. #RIM, 4FMK FEEK A 720 I,
PERESETHIR A BT N B, 050000 9.2%F0 7.7%, R BATEM S (IS TRINAE 25, AT TH B P REAL 35 v]
AESZ BRI . SRS, SCIREE RIGIE T A SR YT IR AL 7E A 3 AN [R] JE SRR AE () 5T 1) 5 510 45005
By HL A PR R

4.2. {RENHRASCIESR

N T B UE AR SCHRE 8 AN SR B () 7 27 TP R B T A A, AR i T RRSEES, K MSTCN
P NLL T =384k : MSTCN w/o MoE. MSTCN w/o TCN. MSTCN Replace BM with Mamba, 2545
B 4 Fros. i MSTCN w/o MoE /- I MSTCN 1R B4 1R & 5 X 2% (MOE), BAIE 1 HXf /N e A8 4
I3 A A E 1 N R B . MSTCN w/o TCN K75 A MSTCN Hr RS BRI [ A I 245 (TCN), - A 17 IS 1]
LA 28 AF 22 RRE BBV AE b oot TR0 45 SR i 5k . MSTCN Replace BM with Mamba 756 MSTCN 4
Ty 38 HL I 0] Mamba FEE (BM) 5 il 51— Mamba #E5,  DUBGIE XU ) A 7 VR 7R I P % ZR A v 1)
AR

M 4 FEIR ISR 45 SRR, MSTCN w/o MoE JEELH T B T (M SR T, IXI8AIE T & KM RS
R AR BT 18] 75 51 B0 4R R 21 A S RRAE B A8 I B B & /N e o0 R JZ 20, DT 1 S A28 (1 3 R
HEAh, 7N AR e 55 B () 25 RN 265 (TCN) B 56 80 3R T B 8177 51 1) 22 JROBEARRAE , SEIRL T % 22 R BHARRAIE 1)
$EM. 5, M MSTCN Replace BM with Mamba [ 5255 25 F ] DL XU R Mamba A5EL I ik [7] i 2 152
s 5 ARKAZ B, TERTHRENT ] 7 41 4 SR AR A OC R 5 TR HE T OGS E R . ki, &AM AR T H
F BRI, TF TR R T RE .

Table 4. Ablation studies
= 4. BRSNS R

Models MSTCN MSTCN w/o MoE MSTCN w/o TCN MSTCN replace BM with Mamba
Metric MSE MAE MSE MAE MSE MAE MSE MAE
96 0.140  0.237 0.151 0.249 0.146 0.243 0.147 0.244
jg 192 0160 0.266 0.169 0.273 0.164 0.270 0.163 0.270
% 336 0160 0.271 0.166 0.279 0.163 0.274 0.165 0.274
720  0.203  0.289 0.207 0.294 0.205 0.290 0.204 0.291
96 0.165 0.213 0.178 0.223 0.202 0.220 0.171 0.217
E 192 0.165 0.252 0.219 0.259 0.219 0.260 0.215 0.255
g 336 0.269 0.299 0.273 0.304 0.273 0.302 0.274 0.302
720 0350 0.353 0.353 0.357 0.351 0.355 0.353 0.353
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Figure 3. Visualization results on electricity dataset

3. Electricity ##BEERITUNEE R TR AL

5. &

ASCHR T — M RUHT I PR, Rl TR SR A S RGE L /N ARSI 18] 26 A R 24 1
2 RUERAESRIAE /1, DL FVEIRAS 2 MR (0 2 L 3 8L L SR 5 R 2%, A58 Y BEAE AR AN 7] I
(8] 2 S AR RSP B 25 70 BN R 10 ZORAC B . 78 F AR AR 4R O T, SR 1 /N AR s Py 2t 2 it
S A ) B, P L I (8] 5 AR R 2% ST 22 ROBERFAESR B, #5068 T Mamba A58 47l e 508 o O D 6K
Wik, LIRS RERN], BIAEZ AR A FSI NS BRI, SREHAMLIL, fEra8dhsk b
BT TG R AR TET5 [ AR R RS B R 5E R NI &, DLit— B3t
R RE .

SE

[1] Fjellstrom, C. (2022) Long Short-Term Memory Neural Network for Financial Time Series. 2022 IEEE International
Conference on Big Data (Big Data), Osaka, 17-20 December 2022, 3496-3504.

DOI: 10.12677/mo0s.2025.145394 302 5 1 A


https://doi.org/10.12677/mos.2025.145394

PR Ea I

[2]

(3]

(4]

(5]
(6]
[7]
(8]
[9]

[10]

[11]

[12]
[13]

[14]

[15]

[16]
[17]
[18]

[19]

[20]

[21]

https://doi.org/10.1109/bigdata55660.2022.10020784

Angryk, R.A., Martens, P.C., Aydin, B., Kempton, D., Mahajan, S.S., Basodi, S., et al. (2020) Multivariate Time Series
Dataset for Space Weather Data Analytics. Scientific Data, 7, Article No. 227.
https://doi.org/10.1038/s41597-020-0548-x

Chen, C., Petty, K., Skabardonis, A., Varaiya, P. and Jia, Z. (2001) Freeway Performance Measurement System: Mining
Loop Detector Data. Transportation Research Record: Journal of the Transportation Research Board, 1748, 96-102.
https://doi.org/10.3141/1748-12

Lai, G., Chang, W., Yang, Y. and Liu, H. (2018) Modeling Long- and Short-Term Temporal Patterns with Deep Neural
Networks. The 41st International ACM SIGIR Conference on Research & Development in Information Retrieval, Ann
Arbor, 8-12 July 2018, 95-104. https://doi.org/10.1145/3209978.3210006

Zaremba, W., Sutskever, I. and Vinyals, O. (2014) Recurrent Neural Network Regularization. arXiv: 1409.2329.
https://doi.org/10.48550/arXiv.1409.2329

Zhao, Z., Chen, W., Wu, X., Chen, P.C.Y. and Liu, J. (2017) LSTM Network: A Deep Learning Approach for Short-
term Traffic Forecast. IET Intelligent Transport Systems, 11, 68-75. https://doi.org/10.1049/iet-its.2016.0208

Elfeky, M.G., Aref, W.G. and EImagarmid, A.K. (2005) Periodicity Detection in Time Series Databases. IEEE Trans-
actions on Knowledge and Data Engineering, 17, 875-887. https://doi.org/10.1109/tkde.2005.114

Pfander, G.E. and Benedetto, J.J. (2002) Periodic Wavelet Transforms and Periodicity Detection. SIAM Journal on Ap-
plied Mathematics, 62, 1329-1368. https://doi.org/10.1137/s0036139900379638

Wu, H., Xu, J., Wang, J. and Long, M. (2021) Autoformer: Decomposition Transformers with Auto-Correlation for
Long-Term Series Forecasting. Advances in Neural Information Processing Systems, 34, 22419-22430.

Zhou, T., Ma, Z., Wen, Q., Wang, X., Sun, L. and Jin, R. (2022) FEDformer: Frequency Enhanced Decomposed Trans-
former for Long-Term Series Forecasting. Proceedings of the 39th International Conference on Machine Learning, Bal-
timore, 17-23 July 2022, 27268-27286.

Zhou, H., Zhang, S., Peng, J., Zhang, S., Li, J., Xiong, H., et al. (2021) Informer: Beyond Efficient Transformer for Long
Sequence Time-Series Forecasting. Proceedings of the AAAI Conference on Artificial Intelligence, 35, 11106-11115.
https://doi.org/10.1609/aaai.v35i12.17325

Gu, A. and Dao, T. (2023) Mamba: Linear-Time Sequence Modeling with Selective State Spaces. arXiv: 2312.00752.
https://doi.org/10.48550/arXiv.2312.00752

Mallat, S.G. (1989) A Theory for Multiresolution Signal Decomposition: The Wavelet Representation. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 11, 674-693. https://doi.org/10.1109/34.192463

Hewage, P., Behera, A., Trovati, M., Pereira, E., Ghahremani, M., Palmieri, F., et al. (2020) Temporal Convolutional
Neural (TCN) Network for an Effective Weather Forecasting Using Time-Series Data from the Local Weather Station.
Soft Computing, 24, 16453-16482. https://doi.org/10.1007/s00500-020-04954-0

loffe, S. and Szegedy, C. (2015) Batch Normalization: Accelerating Deep Network Training by Reducing Internal Co-
Variate Shift. Proceedings of the 32nd International Conference on International Conference on Machine Learning,
Lille, 6-11 July 2015, 448-456.

Ba, J.L., Kiros, J.R. and Hinton, G.E. (2016) Layer Normalization. arXiv: 1607.06450.
https://doi.org/10.48550/arXiv.1607.06450

Li, Z., Qi, S, Li, Y. and Xu, Z. (2023) Revisiting Long-Term Time Series Forecasting: An Investigation on Linear
Mapping. arXiv:2305.10721. https://doi.org/10.48550/arXiv.2305.10721

Bebis, G. and Georgiopoulos, M. (1994) Feed-Forward Neural Networks. IEEE Potentials, 13, 27-31.
https://doi.org/10.1109/45.329294

Li, S., Jin, X., Xuan, Y., Zhou, X., Chen, W., Wang, Y.X. and Yan, X. (2019) Enhancing the Locality and Breaking the
Memory Bottleneck of Transformer on Time Series Forecasting. Proceedings of the 33rd International Conference on
Neural Information Processing Systems, Vancouver, 8-14 December 2019, 5243-5253.

Gu, A., Johnson, 1., Goel, K., Saab, K., Dao, T., Rudra, A. and Ré, C. (2021) Combining Recurrent, Convolutional, and
Continuous-Time Models with Linear State Space Layers. Proceedings of the 35th International Conference on Neural
Information Processing Systems, Online, 6-14 December 2021, 572-585.

Das, A., Kong, W., Leach, A., Mathur, S., Sen, R. and Yu, R. (2023) Long-Term Forecasting with Tide: Time-Series
Dense Encoder. arXiv: 2304.08424. https://doi.org/10.48550/arXiv.2304.08424

DOI: 10.12677/m0s.2025.145394 303

e
dr
:_[
m


https://doi.org/10.12677/mos.2025.145394
https://doi.org/10.1109/bigdata55660.2022.10020784
https://doi.org/10.1038/s41597-020-0548-x
https://doi.org/10.3141/1748-12
https://doi.org/10.1145/3209978.3210006
https://doi.org/10.48550/arXiv.1409.2329
https://doi.org/10.1049/iet-its.2016.0208
https://doi.org/10.1109/tkde.2005.114
https://doi.org/10.1137/s0036139900379638
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.48550/arXiv.2312.00752
https://doi.org/10.1109/34.192463
https://doi.org/10.1007/s00500-020-04954-0
https://doi.org/10.48550/arXiv.1607.06450
https://doi.org/10.48550/arXiv.2305.10721
https://doi.org/10.1109/45.329294
https://doi.org/10.48550/arXiv.2304.08424

	基于选择性状态空间的时间序列预测模型
	摘  要
	关键词
	Time Series Prediction Model Based on Selective State Space
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	2.1. 问题定义
	2.2. 小波变换(DWT)
	2.3. 时间卷积网络(TCN)

	3. 建立模型
	3.1. 整体框架
	3.2. 周期特征提取模块
	3.3. 编码器模块

	4. 实验结果
	4.1. 时间序列预测结果
	4.2. 模型消融实验结果
	4.3. 时间序列预测可视化结果

	5. 结论
	参考文献

