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Time Series Forecasting Model Integrating Multi-scale Features and Attention Mechanism

PAN Jian"? and WANG Xuhao®
1 Zhijiang College of Zhejiang University of Technology,Shaoxing,Zhejiang 312030, China

2 College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract Currently., in the research of time series forecasting tasks, Transformer-based models primarily focus on extracting
global and local features from time series data and improving attention mechanisms to reduce model complexity. However, exis-
ting methods often overlook the different granularity features exhibited by time series at multiple scales. To address this issue,
this paper proposes a time series forecasting model that integrates multi-scale features and the attention mechanism, called
MTSformer. Firstly,by down-sampling the original sequence,multiple scale subsequences are obtained,enabling the model to in-
tegrate multi-scale feature information and enhance generalization ability. Then,a multi-prediction head structure is used to re-
place the traditional decoder,which improves prediction speed while reducing model complexity. Finally,experiments are conduc-
ted on five benchmark datasets,and the results show that compared with existing methods, the MTSformer model achieves ave-
rage reductions of 24.51% in MSE and 17. 84% in MAE for time series forecasting.

Keywords Time series forecasting, Multi-scale features, Transformer, Multi-head prediction, Downsampling
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TR 3 ALY B 18] %)) 950300 8% B MTSformer ( Transformer
with Multi-scale Features) , %8 5 X iy A ¥ 51l #E 17 2 ROEE
A 2 ), R U 3 3 2 T 28 1) 22 Sk R 0 AL RN B 2% 5%
PRI 22 ROBE T AR By A 300 A i R % v R 22 T 3k 791
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Structure of model
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Multi-scale temporal encoding
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5 LWRERSH
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5.1 LBigE
5.1.1 #3E%

h T WA MTSformer $8 A9 ¥ i, 2% 3C A1 722 TR 48 T i
(ETT) . # H1 (Electricity) K 1 (Weather) 1 52 382
(Traffic)d A FREIE A AT T X5 525,

AR FE AR MR (ETT) 808 4 40 & 24 67 #1500 — AN TR
G, ETT U 8 ORI R (1 /N, 15 20800 B9 R [F] 34
ETTh fl ETTm, B4 F#A& HAT 5, L 3E 4 78
PAE A9 & ETThl, ETTh2, ETTml #l ETTm2,

i, ) (Electricity) B8 & £ 4~ F P I B 1 I FE, B —
B %k I — A~ P

KA (Weather) S ELFHWE—-FHNM 21 54
5

223 (Traffic) BUHE 4L 43R T 18 I 5 R B & 2015 4F &

2016 AF1H 5 1l e 8020 B AL AR D SR B/ B . R 1 &
T 7 A TF RS BRAT

# 1 BUEERE
Table 1 Dataset characteristics

HAE g EiREZ R AE 3 KM E

ETThl 17420 7 1h

ETTh2 17420 7 1h
ETTml 69680 7 15 min
ETTm2 69680 7 15 min
Electricity 26304 321 1h
Weather 52696 21 10 min

Traffic 17544 862 1h

5.1.2 M I8 4R

7R A 34 77 1% 7% (Mean Squared Error, MSE) #1 2% 2R £
FIF- 35 48 %f 1% 22 (Mean Absolute Error, MAE) 4t 2% bR %5 K £
BRI PR AE . MSE I MAE (9330 F .

MSE:%i@,—&V (10)
i=1

MAE=-L3 |y =3, (1D
i=1

ool SRRy R A BT v R AR
B 150 A
5.1.3 RAEKEE

XF L SE g 4] Adam G AR A% L 2 2 R E N 0,000 1,
HER TNy 32, INREE Sy 10, A INGRBURTERTESE B 3
FUCR T B R H A5 1 I 2
5.1.4 ARCEAEAR

X e Y 3 o 4 R 41§ Pathformer, PatchTST, FEDfor-
mer,Crossformer, Autoformer il Informer 3£ 6 4~ 3T Trans-
former FYRIEY , DL K T B B 22 ) 46 BB B Timesnet 14
TF 22 B MR Dlinear,
5.2 EWHERSW
5.2.1 s

S U P s LR BT R BE S 96, X S I 4K 43 )
B 96,192,336 H 720 MY H A< B

SCREE AN R 2 BT A, AR SCHE ) MTSformer #5575
ETThl,ETTm2, Weather, Electricity Fll Traffic X 5 4~ 5 #i&
19 2475 12 22 (MSE) FIF- 3 28 %) 5 22 (MAE) M T 8 4
i A TR A O FAARS L orh MSE P # B AIE 24. 51% . MAE -
PIREAR 17. 84 %0, T M e A B R G $2F+.

F 2 5 AMBURE Ly LA BRI B0 25
Table 2 Multivariate long-term series forecasting results on five datasets

Vi MTSformer Pathformer PatchTST TimesNet Dlinear Crossformer FEDformer Autoformer Informer
kR MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.477 0.308 0.479 0.310 0.526 0.347 0.593 0.321 0.650 0.587 0.644 0.429 0.587 0.366 0.613 0.388 0.719 0.391
192 0.475 0.307 0.484 0.295 0.522 0.332 0.617 0.336 0.598 0.604 0.665 0.431 0.604 0.373 0.616 0.382 0.696 0.379
Traffic 336 0.491 0.312 0.503 0.310 0.517 0.334 0.629 0.336 0.605 0.621 0.674 0.420 0.621 0.383 0.622 0.337 0.777 0.420
720 0.528 0.333 0.537 0.334 0.552 0.352 0.640 0.350 0.645 0.626 0.683 0.424 0.626 0.382 0.660 0.408 0.864 0.472
AVG 0.493 0.315 0.500 0.312 0.529 0.341 0.620 0.336 0.625 0.610 0.667 0.426 0.610 0.376 0.628 0.379 0.764 0.416
96 0.176 0.215 0.167 0.199 0.182 0.223 0.172 0.220 0.195 0.217 0.195 0.271 0.217 0.296 0.266 0.336 0.300 0.384
192 0.224 0.258 0.216 0.246 0.227 0.260 0.219 0.261 0.237 0.276 0.209 0.277 0.276 0.336 0.307 0.367 0.598 0.544
Weather 336 0.278 0.297 0.268 0.302 0.280 0.306 0.246 0.337 0.282 0.339 0.273 0.332 0.339 0.380 0.359 0.395 0.578 0.523
720 0.349 0.346 0.346 0.343 0.356 0.349 0.365 0.359 0.345 0.403 0.379 0.401 0.403 0.428 0.419 0.428 1.059 0.741
AVG 0.257 0.280 0.249 0.272 0.261 0.285 0.251 0.294 0.265 0.309 0.264 0.320 0.309 0.360 0.338 0.382 0.634 0.548
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VS MTSformer Pathformer PatchTST TimesNet Dlinear Crossformer FEDformer Autoformer Informer
# AR MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.169 0.259 0.165 0.247 0.190 0.269 0.168 0.272 0.210 0.193 0.219 0.314 0.193 0.308 0.201 0.317 0.327 0.411
192 0.177 0.267 0.177 0.269 0.199 0.304 0.184 0.322 0.210 0.201 0.231 0.322 0.201 0.315 0.222 0.334 0.296 0.386
Electricity 336 0.205 0.294 0.199 0.287 0.217 0.319 0.198 0.300 0.223 0.214 0.246 0.337 0.214 0.329 0.231 0.443 0.300 0.394
720 0.245 0.326 0.246 0.329 0.258 0.352 0.220 0.320 0.258 0.222 0.280 0.363 0.222 0.355 0.254 0.361 0.373 0.439
AVG 0.199 0.287 0.197 0.283 0.216 0.311 0.193 0.304 0.225 0.208 0.244 0.334 0.208 0.327 0.227 0.364 0.311 0.397
96 0.376 0.397 0.387 0.403 0.378 0.399 0.384 0.402 0.397 0.395 0.423 0.448 0.395 0.424 0.449 0.459 0.865 0.713
192 0.422 0.428 0.443 0.431 0.425 0.427 0.436 0.429 0.446 0.469 0.471 0.474 0.469 0.470 0.500 0.482 1.008 0.792
ETThl 336 0.465 0.452 0.468 0.449 0.468 0.456 0.638 0.469 0.489 0.530 0.570 0.546 0.530 0.499 0.521 0.496 1.107 0.809
720 0.505 0.488 0.487 0.474 0.514 0.494 0.521 0.500 0.513 0.598 0.653 0.621 0.598 0.544 0.514 0.512 1.181 0.865
AVG 0.422 0.441 0.446 0.439 0.446 0.444 0.495 0.450 0.461 0.498 0.529 0.522 0.498 0.484 0.496 0.487 1.040 0.795
96 0.177 0.259 0.177 0.261 0.183 0.270 0.187 0.267 0.193 0.203 0.287 0.366 0.203 0.287 0.255 0.339 0.365 0.453
192 0.241 0.302 0.239 0.305 0.255 0.314 0.249 0.309 0.284 0.268 0.414 0.492 0.268 0.328 0.281 0.340 0.533 0.563
ETTm2 336 0.244 0.303 0.293 0.331 0.309 0.347 0.321 0.351 0.382 0.325 0.597 0.542 0.325 0.366 0.339 0.372 1.363 0.887
720 0.407 0.417 0.397 0.389 0.412 0.404 0.408 0.403 0.558 0.422 1.730 1.042 0.422 0.415 0.422 0.419 3.379 1.338
AVG 0.267 0.320 0.277 0.322 0.290 0.334 0.291 0.333 0.354 0.305 0.757 0.611 0.305 0.349 0.324 0.368 1.410 0.810
5.2.2 HAREI . s v—
DB 2 R I I 45 B By B RUBEHORE & Oy 1.2,3. - s
ST /NN 96, U 4 A~ R BE A9 L JF A8 ETTh1 o 0
0225
ETTm2 B b 47 9500 4t 3 A 4 o1 ¥ o
0175
# 3 ETThl Liysesest i o150
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Table 5 Experimental results of Transformer-ETTh2
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Table 8 Experimental results of Informer-Weather

X Informer Informer ++
Wk E — - - .
MSE MAE MSE MAE
96 0. 300 0. 384 0.278 0. 396
192 0.598 0. 544 0.563 0.512
336 0.578 0.523 0.548 0.497
720 1.059 0.741 0.962 0.683
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Table 9 Experimental results of Autoformer-ETTh2

i Autoformer Autoformer™
RN
MSE MAE MSE MAE
96 0.332 0.368 0.317 0. 348
192 0.426 0.434 0.411 0.428
336 0.477 0.479 0.452 0. 447
720 0.453 0.490 0.433 0.497
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Table 10 Experimental results of Autoformer-Weather

Transformer Transformer® +

Ho Kk

MSE MAE MSE MAE
96 0. 266 0.336 0.253 0.320
192 0.307 0.367 0.296 0.347
336 0.359 0.395 0.364 0.377
720 0.419 0.428 0.391 0.399
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i Transformer Transformer ™ *
WK E — . — -
MSE MAE MSE MAE
96 2.466 1.267 1.755 1. 095
192 5.042 1.823 3.345 1.534
336 5.585 1.954 3.007 1.374
720 2.861 1.349 2.803 1.457
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Table 6 Experimental results of Transformer-Weather

Transformer Transformert *

it MSE MAE MSE MAE
96 0.382 0.426 0.375 0.410
192 0.530 0.503 0.512 0.488
336 0.704 0.570 0. 646 0.544
720 0.922 0.741 0.852 0.697
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Table 7 Experimental results of Informer-ETTh2

Table 11 Experimental results of Crossformer-ETTh2
R Crossformer Crossformer
Wk E — . = .
MSE MAE MSE MAE
96 0.745 0.584 0.656 0.520
192 0.877 0.656 0.796 0. 647
336 1.043 0.731 0. 864 0.677
720 1.104 0.763 0.991 0.699
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Table 12 Experimental results of Crossformer-Weather
Crossformer Crossformer™ ™+
ok E
MSE MAE MSE MAE
96 0.195 0.271 0.189 0.268
192 0.209 0.277 0.219 0.265
336 0.273 0.332 0.275 0.320
720 0.379 0.401 0.368 0.390

X Informer Informer ++
WK E - -
MSE MAE MSE MAE
96 1.549 0.952 1.185 0. 845
192 3.792 1.542 3.211 1.181
336 4.215 1.642 3.048 1.311
720 3.656 1.619 3.389 1. 157
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