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Abstract Time series modeling has been the focus of research in a number of fields,including finance and transportation, and
spatio-temporal models have received a lot of attention from researchers because of their ability to capture the complex associa-
tions and trends in time-series data more comprehensively. In recent years,long-term series forecasting based on spatio-temporal
modeling has achieved remarkable results,but the existing methods are limited by multi-granularity or multi-scale studies, which
cannot fully mine the spatio-temporal information of the data. To overcome this problem,a multi-granularity multi-scale deep spa-
tio-temporal model(MMDSTM) is proposed. The model first obtains seasonal, periodic and granularity sequences by decomposing
the initial data. Then,the multi-scale isometric convolution generates scale predictions,while attention-based spatio-temporal fea-
ture layers generates multi-granularity predictions. Finally,the prediction results of multi-granularity and multi-scale predictions
are merged by multi-level fusion. In experiments, MMDSTM’s MSE metric decreases by 6.2%,21. 5% and 1% compared to
other methods on stock, traffic and battery datasets, and the introduction of multi-granularity and multi-scale significantly
improves the time series forecasting performance.
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T 235 SRR T 0 0 25 AR, 43 Be BE SRR Y 2 )2 IR
BT EE R yieaee € RV IG5 XA TN 45 5L 5K A1

BN F LT ypregia o« EARF IR
yi)mi.n =Y @ (Y\ @Y1 ) (18)
Vpredict = 11N Ypredgicr ) (@D)

FH Ypretin € RT P FRIR—ARIFFI T
3.6 HEEMH

A SCHs TN AT: 55 B9 4 0% 55 18 E L % 22 2 >0 S AR vh B T A
PR L Z5A K A B R B2k iR 8

L=2L,+L; (Ypredier »3-) (20)
Hoi A RV HIR S E L, iR Z B R R v, 1
FREIAE . o I Adam 505258 AT S 1) 1548 DL B0 357 452
RMSH.

4 LWERSHH

4.1 HIBERHR

ARSI FHIP IR 300 8 BUREAUR AR B E AL &
RSB AR A FCHY i B A . R AR R R T
M 2010 4E 9 1 28 HE| 2023 4E 5 7 9 H 5, Hopfg
3064 ANAEH H AR ISR . s BRI
TM 20234 1 A1 HF| 2023 4 10 A 31 HiX 304 KA
B, Hoh i A A 15 min 09 3 ¥ 53 B AR . BB 4
Ay 1020 h By AL R S EOHE . X T R SRR AR HEBR T
2010 4F 9 H 28 HZ G Ll M I 5L, AR5 . DAk 2 3k o (4 i%
SErPVHEAT I (AL A G AR R I S A 2 B g D B diE
R — 2R 14 508 e D XY R A B 2 AR . R T A T AR

D www. baostock. com

? http://tris. highwaysengland. -co. uk/detail/trafficflowdata

S RRE SRR T B S B 5k A h i T K L I Ok SR
A FH T — 2R A B0 SR RN L AR JE 8% 15 min B A B8R R A K
Lh 048, 53X R G800 R X (E . s AR 3043 5 38 Ui I
300 48 FOR 2 HdE P Y 183 M 5T L 14 £ 3H % R HRL B0 HE
BEAT NG AN D . BT A R A2 4 R 72 12 2 09 L 30 43 g )
FRARE IR AR AR o e SR ZR AR L0 E 4 R G 4 43 ) A
2144 K .307 KA 613 K, 3238 Yl Zh 4 | 56 ik 82 A 4k 42 43 )]
2 5107h,730h A1 1459 h, H 3t I SR A L 56 TiE 4 A i 4 4 )
A 714h,102h Fil 204 h,

HNBR AL BB R T T 6 DRI AT 4 AR
T b HoA Stk B AR K B G v BT T A B R v 4 B0 E
S, BRI 1A, R KA AR AR, 3
TR AL B S (VORI R R (F) X WA iR )12
HF AWM, R AR AE Ry A A .
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Table 1 Stock and traffic inputs
i#] zHE ¥ Momentum
TR R E MACD
A X5 5 45 H RSI
% 5 F 3 EMA
T Zopen
L&y Zelose
& & Zhigh
&y Zyow
x5 & Z volume
W E Zadi_close
45k V,
ES F,

RSB R AEAR SO b BROBUZE R SE R/ 64,96,
128k #% 64, it K/ [16,32,64,128 ]k 32,% )
FML107°,107 1,10 %,10 2,10 " IE#E10 ', 24 3 B R E
FEWML107°,1071,107°,1072, 10 ]k #E10, TH 4 BF MA
[24,48,96,192 3% 24,

4.2 A E

9T ¥R AR SCHR Y 97 MDSTCF (3 8P BE L AR S0
Hgh R 5 HAb ik 04T T HdR, 85 GRUMY, STGCNM,
TRANSFORMER™', MGTNN™!, MICN™, StockMi-
BRI LT 10 W, LA A B AL DA T 3R 15 T AR
T

GRU i 5 15 7T LA 250 i 4l 482 P I e 5 b i 4 301 0 40
A& Z , TR T 8 05 B A8 4ot 25 — B st 1) P B3040 72 3h X o sk
R, XTI O7 i BROEZ B R B O 64, WK BE 24
K301 51 100 &5 %

Transformer : Z A% # 2% ] 2 15 5 -ff 19 2% 25 F f [3 ¢ 1
MU LA RT3 D sk 50 e A st TR E DA 3 7o 2 0 ) 4 0
R EE . R I 2 2E 3 AR MR 0C 3R J5 T . Transformer & 88 Hi
R IEE T . dmtdas )2 MELEah 8,

MGTNN 1% 3 3 1] 2 3 B e 5 3h 48 BUAS &t 2 Ja) 7Y
KFR . WA IR A B AL IR Z YT R 4 2 T LA 3R A [ 5

xer 2%,
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R S OB O R . F s AT R 2 i T A O
L2 EMALAESI 10 7,10 ,107%,10 2,10 " JHE K10 2,
A& 5 W Layernorm, ¥ mixhop 14 1% )2 I8
JEWE R 2, IREGBAEHREZ 000 B LSy 0. 05, %5 > J2 3
T PR B R M RNl 3, S iR dE B 40,

STGCN : I 25 |81 5 TR0 4%, 5 76 A7 2% H 38 $2 5 38 U ) I
I 2y 25 R 2 AR . 1 AR T 2 T B2 L BT 31
2 2] J2 DL gl TR A5 A DN 28 ) 4% i 3 B S R AE, ST-
Conv Bt iy 3 J2 38 5 5~ 16,32,64 , B i) B FRA% K /N % B
3 WA R E N 0,001, 5 5 Wk =ZWCR N 0.7,

MICN : £ RUBE 45 BE 4 FRU 25 05 16, R I 2 RO 43 32 4%
5 LAAS 5] 19 45 R 43 510 % B 100 3 9 v AN [ s 2 A8 =t 47
B, ARG T TR B R AT 4R AN 4 JRy AH OGP L R
AR B I B P A A AR LR, MICN By AR5 K o 96, %
I A ARy W 2 B B, KON 12 R 16, i AR 4E T IR R
A 512,

StockMixer: % J7 il i # AR iR A LI AR A& FAT AL IR &
3 A2 BRI BRI, b R ) 3 T )R A HL R LSS B 2 R
JEmS )5 B Ac#e . 52 2B AR L, StockMixer A AL S T
b, 3 BEA SO AR I Y B R T A A s . BRI R
Fal 01, ZRIEHNTFRENS3.
4.3 EMIERR

ST PEAR R R B T AR AR SR A 3 R R A R R, B
P4 %t 1% 22 (Mean Absolute Error, MAE) . 3 J7 i 2% ( Mean
Square Error, MSE) Fll - ¥ 4 %§ 5 43 b 12 22 (Mean Absolute
Percentage Error, MAPE), MAE % /& B 52 {H 5 il {8 = [f]
R 25 T X s ) e Al T B0 AN S B A =2 R 1R 22 O
YU 0T 2% A% AR bR /N B AT L RO B R OR B0 R 22 0 7 £ i
FE . MSE 378 B 9H 5 W00 =2 8] 15 22 097 35 % 5 {8 . © A
T TR0 A RS BB 2 R] R 22 0 3 5 22 . MSE b
FAT PR Sy R A R 158 25 AT T R B, B QTR R OK R 2 1Y
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F R AR T S PR A 1 18 22 147 2 e 4]

MAE=L 315 -3 2D
i=1
1 & A,
MSE=7Z(y,*y,>“ (22)
i=1
1 n i/\
MAPE=--X PV 100% (23)
i=1 Vi

Hor oy, By 4 3 R 2L T
4.4 LR IE

& 2 (25 LI B b 3% I, 7 O TR g N B A 32 E B
£ b AR SO R A T A% 58 /Y i IE) F 81 5 2 (GRU fil Trans-
former) RI M B KM REIRTH. 5 STGCN Al MTGNN Hf
SSRERY A L, AR X B AE MSE 4 S FEAR T 22, 7% A
20.3% .7 MAE 43 BIBEAR T 18. 1% Ml 22. 0% . /£ MAPE
YIRS T 10. 8% 11, 4%, XUELE KM AS T B
SRR B0 2200 B s s T0I 7 1 AE M BE DO T A A e s A

B, HEMARER RN Z RERS MICN il StockMixer £ 1
AR SR B T A A 3 B O B 2 B B R 0 22 R R AT
AR A Iy AT R B . RSk U, AR X T MICN Fl Stock-
Mixer, A ALY MSE 23 BIREAR T 6. 1% A1 24. 6%, 7£ 3
fb g bR L A SO R AE 38 38 B S B 5 MICN B 25 5% A
UL 31X A RE R N o MICN X 32 38 098 42 2L 5 5 A9 O 17 1
{EL7E R B0 4R b AR SCHR A B B AR S MICN A — 52 (1)
PTF, Hh MSE,MAE #l MAPE 43 MK T 38.6%,19. 6%
M 4.1% ., B 7EIZ B0 4 A L f B 7 ¥ StockMixer, 4%
S 3 RS AR A M BEAR T 4.4%,9.5% 1 2. 5%, TEFE 3
ST B A T 2 e st BB R I AR SO AR AR o O s L R
Tr g ERE . B AN, AR R B J7 % MICN #1 StockMixer,
ARSCHERI ) MSE 20 A BRAR T 1% Fil 22. 9% . MAE 43 51 F# A%
T 8.3%F119.6% . MAPE 43 HIFEAL T 0. 106 M 2. 6% . fEX
SRR A SRR W] AR S A AR iz AL R R L TE B
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Table 2 Performance comparison of MMDSTM and

contrastive methods on two datasets

Al CSI300
methods -
MSE  MAE MAPE/Y% MSE MAE MAPE/%
GRU 0.425  0.351 15. 419 0.271 0,347 17.753

Transformer 0.952 0. 745 18.403 1.509 0.967 19. 457
STGCN 0.471  0.423 17.179 0.448  0.397 16. 304
MTGNN 0.456  0.445 17.293 0.424  0.395 16. 282

MICN 0.387 0. 348 15.314 0. 390 0. 381 16. 104

StockMixer  0.482  0.477 17. 458 0.2502 0.338 15.429

MMDSTM  0.363  0.347 15.328 0.239  0.306 15.032

# 3 MMDSTM 553 Lt Jr 4 76 7 2 ol it 0080 4 1 0 P R LL
Table 3 Performance comparison of MMDSTM and

contrastive methods on two battery datasets

AFC1 CSIFC2
methods
MSE MAE MAPE/%  MSE MAE MAPE/%
GRU 0.525  0.497 16. 327 496 0.477 16.735

Transformer 0.646  0.691 18. 283
STGCN 0.550 0.472 16. 254
MTGNN 0.529 0.490 16.171

MICN 0.384 0. 357 15.529

StockMixer 0. 493 0.476 16.568

MMDSTM 0. 380 0.324 15. 142

674  0.620 18.026
502 0.453 16. 074
0. 436 15.992
352 0.316 15. 482
487 0.429 16. 159
368 0.311 15.107

o o @ o o o ©
=~
3
w

4.5 HEhII

ARSCHEAT TR SR I L B TE TR TR ALY & A 4R 3 X
HRE AR 1S TR R AN R A A 0 2 T R R
P o DT TR e A5 AR P 5 AL o Y A . 3 s AT 40 4 T A 4
BB 43 (4 B R, T LA 4 i b DA SR M B AN SR A AR
PLF J& MMDSTM [f)— 745 {k

DMMDSTM(G) : 378 B A7 kL BE S0, BIRL BE (9 B 25 ¢
AE4R IR T

2) MMDSTM(G+S/MT) : 3¢ 7 i BE 500 i1 R BE 4 #
U, H 2 MICN Fll i 22wk A2 .

3)MMDSTM(G+T) : &7 i B F 0 A& 1 e S i , {5
B RUEE T K 45 MICN 2,

HMMDSTM(G+ S) + 3% 7% RL B T I A1 R J00900 , 5 J&
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RUBE T R s BRI [l T 2

e 4 s ARG 2R A L M o R S AR A 2 T B0 R
T 0 R A R R O A R 2 . AE A B4 L
Al B2 H MSE FFE T 62% . CSI 300 4 4 19 MSE T [
T 52%, AL A HE bRt B TR, B A2 R EA K
J5 > MAE 43 8076 W A 80t 48 LA T 1 W R T, RN R
MMDSTM(G+S/M+T) A8 A rpr, A48 48 111 MSE 4341
IURRET 6. 1% 11% . WA 22 J B Xof 3 At RE A BB
Y 5% M

# 4 MMDSTM ZE K78 B A $i 48 L9155

Table 4 MMDSTM variants” scores on two datasets
Al CSI300
methods
MSE MAE MAPE/% MSE MAE MAPE/%
MMDSTM(G) 0.592 0.549 17.542 0.457 0.4682 17.152
MMDSTM
L 0.500 0.427 17.220 0.368 0.3972 16.071
(G+S/M+T)
MMDSTM(G+T) 0.540 0.469 17.490 0.438 0.4272 16. 485
MMDSTM(G+S) 0.376 0.400 16. 863 0.265 0.3642 15.930

4.6 SHEXW

WL SH MR E BB A S8 FEMN 3 A HE
S BT SRR S AN TFDRLE (G1,G2,G3 43 B R M 1~3 ki
KN L AFERECL C2,C3.C4 43 5L E N 1~4 FhoR[F) 25
T RS ) Ry e 910 K B (HL, H2, H3, He 268 % 1B 5 51
K JE RN 24,48,96 F1192),

AN TERE B < 72 52 5 oy B S R A T AN [ L ) o AR A
R PERE , 32 W i MAE H MSE 435k £ 55 50 i 2 5ot
AE. MIED 4 fRT LLIA SR HY L BB FE B R ) 4% SR M X ol i S
TR B0 AR S N Bk Y R B LR L {ELRE % R
FA) 38 o AR Y I 2 4 2 B A B S B L R R R T 3 AL
BIEE R, PRSI, Bk BN AR R A 25, — R I U R R
W B R ROR AR IR B UL X 2 A B, Ed S E
S 6 BN RN Bt s A 2 HE AT HE L BURE B AR R R A A I
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Fig. 4 MSE and MAE scores of models with different granularities

on two datasets
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Fig.5 MSE and MAE scores of models with different scales on

two datasets
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Fig. 6 MSE and MAE scores of models with different output

sequence lengths on two datasets
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