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< The Problems of Multivariate Time Series Forecasting using RNN
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< Multivariate Time Series Forecasting using Transformer
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< Are Transformers Effective for Time Series Forecasting? (2023, AAAI)
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< Why Transformers is Ineffective in Time Series Forecasting?
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% A Simple Baseline: LTSF-Linear
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% Experiments
e HIX[O3 HO|H A &E
22 windowing processS =84St sub-series HEN / =21 0| =5t 0Kt SH= 20| BHE0| CHHEF forecasting output

Datasets ETTh1&ETTh2 ETTml &ETTm2  Traffic  Electricity Exchange-Rate  Weather  ILI
Variates 7 7 862 321 8 21 7
Timesteps 17,420 69,680 17,544 26,304 7,588 52,696 966
Granularity lhour Smin lhour lhour lday 10min  lweek
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Experiments
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Methods IMP. Linear* | NLinear* [ DLinear* FEDformer | Autoformer | Informer |
Metric | MSE | MSE MAE MSE MAE MSE MAE || MSE MAE MSE MAE MSE MAE
=] 96 | 2740% | 0140 0237 0.141 0237 0.140 0237 || 0.193 0308 0201 0317 0274 0.368
2| 192 | 23.88% | 0153 0250 0.054 0248 0153 0249 || 0201 0315 0222 0334 0296 0.386
2 | 336 | 2102% | 0.169 0268 0171 0265 0169 0267 || 0214 0329 0231 0338 0300 0.394
& | 720 | 17.47% | 0203 0301 0210 0297 0203 0301 || 0246 0355 0254 0361 0373 0439
5 | 9 [4527% | 0082 0207 0089 0208 0081 0203 || 0.148 0278 0.197 0323 0847 0752
£ | 192 | 42.06% | 0.167 0304 080 0300 0.157 0293 || 0271 0380 0300 0369 1204 0.805
S 336 | 33.69% | 0328 0432 0331 0415 0305 0414 || 0460 0500 0500 0524 1672 1.036
D | 720 | 46.19% | 0964 0750 1033 0780 0.643 0601 || 1195 0841 147 0941 2478 1310
o[ 9 [30.5% | 0410 0252 0410 0279 0410 0282 || 0587 0366 0613 0388 0719 0391 — CrTEAN — e — omer — FEDGmAr — OUnesr  — GREVIUN  — AW — e — FEDbme  — OUnes — GRNEN  — Ausfomsr  — Inbmse  — FEDfmar  — DUnsar
£ 192 | 2996% | 0423 0287 0423 0284 0423 0287 | 0604 0373 0616 0382 0696 0379 ™
= 336 | 29.95% | 0436 0.295 0.435  0.290 0436 0.296 0.621 0.383 0.622 0.337 0777 0.420 0 e & i S
720 | 2587% | 0466 0315 0464 0307 0466 0315 || 0.626 0382 0660 0408 0864 0472 i A A o - 5 ! HﬁH f h I'] |1\|
o | 96 [1889% 0076 0236 0182 0232 017 0237 || 0217 0296 0266 0336 0300 0384 o AN ‘\’Jw“/"m‘_\ "\, N sl n.ﬂﬁ I
20192 [2101% [ 0218 0276 0225 0269 0220 0282 | 0276 0336 0307 0367 0598 0544 M A Ll I Lt [ Kﬁ |
2|33 | 2271% | 0262 0312 0271 0301 0265 0319 || 0.339 0380 0359 0395 0578 0523 \,_ | [N W i|| |
720 | 1985% | 0326 0365 0338 0348 0323 0362 || 0403 0428 0419 0428 1059 0.741 oo “] d s ~
31 | 47.86% | 1947 0085 1.683 0858 2215 1081 || 3.228 L1260 3483 1287 5.764 1677 \ Y Ry
= | 36 |3643% | 2182 1036 1703 0859 1963 0963 | 2679 1080 3103 L148 4755 1467 -3 h . T
S| 48 | 3443% | 2256 1060 L1719 0884 2130 1024 || 2622 1078 2669 1085 4763 1.469 :
60 | 3433% | 2300 1.104 1.819 0917 2368 1096 || 2.857 1157 2770 1125 5264 1.564 10 \ ’w L'rlf H\W
96 | 080% | 0375 0397 0374 0394 0375 039 || 0376 0419 0449 0459 0865 0713 \M 'H '\P\. . -
=192 | 357% | 0418 0429 0408 0415 0405 0416 | 0420 0448 0500 0482 1.008 0.792 -
E 336 | 654% | 0479 0476 0429 0427 0439 0443 | 0459 0465 0521 0496 1107 0.809 . . — 1 1 s J L _ — a 3 1 R . . 1 1 . J
720 | 13.04% | 0.624 0592 0440 0453 0472 0490 || 0506 0507 0514 0512 1181 0.865 -
[ 9 [1993% [0288 0352 0277 0338 0289 0353 || 0346 0388 0358 0397 3755 1525 (a) Electricity (b) Exchange-Rate (c) ETTh2
2192 | 1981% | 0377 0413 0344 0381 0383 0418 | 0429 0439 0456 0452 5602 1931
E 336 | 2503% | 0452 0461 0357 0400 0448 0465 || 0496 0487 0482 0486 4721 1835
720 | 1425% | 0698 0595 0394 0436 0605 0551 || 0463 0474 0515 0511 3647 1625
— |96 [21.10% | 0308 0352 0306 0348 0209 0343 | 0379 0419 0505 0475 0672 0571
E 192 | 2136% | 0340 0369 0349 0375 0335 0365 || 0426 0441 0553 0496 0795 0.669
E 336 | 17.07% | 0376 0393 0375 03885 0369 0386 || 0445 0459 0621 0537 1212 0871
720 | 2173% | 0440 0435 0433 0422 0425 0421 || 0543 0490 0671 0561 1166 0823
9% [ 17.73% [0.068 0262 0067 0255 0167 0260 || 0203 0287 0255 0339 0365 0453
S| 192 | 17.84% | 0232 0308 0221 0293 0224 0303 || 0269 0328 0281 0340 0533 0.563
E 336 | 1569% | 0320 0373 0274 0327 0281 0342 || 0325 0366 0339 0372 1363 0.887
720 | 1258% | 0413 0435 0368 0384 0397 0421 || 0421 0415 0433 0432 3379 1338
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< A Time Series is Worth 64 Words: Long-term Forecasting with Transformers(2023, ICLR)
2024108 7|E 734%| 218
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A TIME SERIES IS WORTH 64 WORDS:
LONG-TERM FORECASTING WITH TRANSFORMERS

Yugqi Nie’; Nam H. Nguyen® ; Phanwadee Sinthong®, Jayant Kalagnanam®

!Princeton University 2IBM Research

ynie@princeton.edu, nnguyen@us.ibm.com, Gift.Sinthong@ibm.com,
jayant@us.ibm.com

ABSTRACT

We propose an efficient design of Transformer-based models for multivariate
time series forecasting and self-supervised representation learning. It is based on
two key components: (i) segmentation of time series into subseries-level patches
which are served as input tokens to Transformer; (ii) channel-independence where
each channel contains a single univariate time series that shares the same embed-
ding and Transformer weights across all the series. Patching design naturally
has three-fold benefit: local semantic information is retained in the embedding;
computation and memory usage of the attention maps are quadratically reduced
given the same look-back window; and the model can attend longer history. Our
channel-independent patch time series Transformer (PatchTST) can improve the
long-term forecasting accuracy significantly when compared with that of SOTA
Transformer-based models. We also apply our model to self-supervised pre-
training tasks and attain excellent fine-tuning performance, which outperforms
supervised training on large datasets. Transferring of masked pre-trained repre-
sentation on one dataset to others also produces SOTA forecasting accuracy.
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% Channel independent Strategy
o LTSF-Linear= H4=0| MEE E&I% O 2 (Channel independent) 145 XZ|
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< Experiments: 872 HIX|0}3 CjO[E{M EE

*  Multivariate Time Series ForecastingOf| A1 LTSF-Linear0| H|sl HEIMoZ £22 45 =&

Models PuchTST/64 | PawchTST/A42 DLinear FEDformer Autoformer Informer Pyraformer LogTrans
Mewic | MSE  MAE | MSE MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
5 96 | 0.149 0198 | 0.152 0176 0237 | 0.238 0314 | 0.249 0329 | 0354 0405 | 0.896 0556 | 0458 0490
= | 192 [ 0194 0241 | 0197 0220 0282 | 0275 0329 | 0325 0370 | 0.419 0434 | 0622 0624 | 0658 0589
g 336 | 0.245 0282 | 0.249 0265 0319 | 0339 0377 | 0351 0391 | 0583 0543 | 0739 0753 | 0.797 0652
720 | 0314 0.334 | 0.32 0323 0362 | 0389 0409 | 0415 0426 | 0916 0705 | 1004 0934 | 0869 0675 Electricity T=96 Traffic T=96 Weather T=96
| 96 | 0360 0.249 | 0.367 0410 0282 | 0576 0350 | 0.597 0371 [ 0733 0410 | 2085 0468 | (684 0384 0817
;_f_z' 192 | 0.379  0.256 | 0.385 0423 0287 | 0610 0380 | 0607 0382 [ 0777 0435 | 0.867 0467 | 0685 0390
S| 336 | 0392 0.264 | 0.398 0436 0296 | 0608 0375 | 0623 0387 | 0.776 0434 | 0869 0469 | (L734 0408
720 | 0432 0286 | 0.434 0466 0315 | 0621 0375 | 0.639 0395 | 0.827 0466 | 0.881 0473 | 0717 0396
z| 9% [0129 0222 | 0.130 0,140 0237 | 0186 0302 | 009 0313 [ 0304 0393 | 0.386 0449 | 0258 0357
= | 192 [ 0.147 0240 | 0,148 0153 0249 | 0197 0311 | 0211 0. 0327 0417 [ 0386 0443 | 0266 0368
2| 336 | 0163 0259 | 0167 0169 0267 | 0213 0328 | 0214 0327 | 0333 0422 | 0378 0443 | 0280 0380
= | 720 | 0197 029 | 0.202 0.203 0301 | 0233 0344 | 0236 0342 | 0.351 0427 | 0376 0445 | 0283 0376 ~ i
24 | 1319 0754 | 1522 2215 LORL | 2624 1095 | 2906  L182 [ 4657 1449 | 1420 2012 | 4480 1444 [ «| 04 — x - —
= | 3 | L579 0X70 | 1430 1963 0963 | 2516 1021 | 2585 1038 | 4650 1463 | 7304 2031 | 4799 1467 24 48 96 192 336 720 24 48 96 192 336 T20 24 48 96 192 336 720
T | 48 | 1553 0815 | L6T3 2130 1024 | 2505 1041 | 3024 1145 | 5004 1542 | 7551 2057 | 4800 1468 L L L
60 | 1470 0788 | 1.529 2368 1096 | 2742 1122 | 2761 L0114 | 5071 1543 | 7662 2100 | 5278 1560 Electricity T=720 Traffic T=720 VWeather T=720
_ | 96 | 0370 0400 | 0.375 0399 | 0.375  0.399 | 0376 0415 | 0435 (446 | D941 0769 | D664 0612 | 0.878 0740 0.0 14 " Ll —
£ 192 | 0413 0420 | 0414 0421 | 0.405 0416 | 0423 0446 | 0456 0457 | 1007 0786 | 0.790 0681 | 1.037 0824 0.8 — Lo ./‘\ . .
o | 336 [ 0422 0440 | 0431 0436 [ 0439 0443 | 0444 0462 | 0486 0487 | 1LO3E 0784 | 0891 0738 | 1.238 0932 : 1.2 0.9 ?
720 | 0.447 0468 O_ﬁ‘l 0466 | 0472 0490 | 0469 0492 | 0515 0517 | 1144 0857 | 0963 0782 | 1,135 0852 w g; Wi B w 0.8
o | 96| 0274 0337 | 0274 0336 | 0289 0353 | 0332 0374 | 0332 0368 | 1549 00952 | 0645 0597 | 2116 1197 R 0o - 207 '
£ | 192 | 0341 0382 | 0.33% 0379 | 0383 0418 | 0407 0446 | 0426 0434 | 3792 1542 | 0.788 0683 | 4315 1635 0.6 .
II 336 | 0329 0384 | 0331 0380 | 0448 0465 | 0400 0447 | 0477 0479 [ 4215 1642 | 0907 0747 | 1124 Lo04 0.5]m—_ o
0,422 | 0.379 0422 | 0605 0551 [ 0412 0469 | 0453 0490 | 3656 1619 | 0963 0783 | 3188 1540 . 0,44 *— — g+
0346 | 0.290 0342 | 0299 0343 [ 0326 03090 | 0510 0492 | 0.626 0560 [ 0.543 0510 | 0600 0546 0.4 x| 0.3 B —]
0370 | 0.332 0369 | 0335 0365 | 0365 0415 | 0514 0495 | 0725 0619 [ 0557 0537 | 0.837 0700 24 48 96 192 336 720 24 48 96 182 336 720 24 336 720
0392 | 0.366 0392 | 0369 0386 [ 0392 0425 | 0510 0492 | 1005 0741 [ 0754 0655 | 1124 0832 L L
0.420 | 0.420 0424 | 0425 0421 | 0446 0458 | 0527 0493 | 1133 0845 | 0908 0724 | 1153 0820 —® Informer  —i— Transformer —#&— FEDformer —M- Autoformer  —»— PatchTST
0.256 | 0.165 0.255 | 0.167 0260 | 0.180 0271 | 0.205 0293 | 0355 0462 | 0435 0507 | 0.768 0.642
0.296 | 0.220 0292 [ 0.224 0303 | 0.252 0318 | 0.278 0336 | 0.595 0586 | 0.730 0673 | 0989 0757
0.329 | 0.278 0329 | 0281 0342 [ 0324 0364 | 0343 0379 | 1.270 0871 [ 1.201 0845 | 1.334 0872
0.385 | 0.367 0385 | 0397 0421 [ 0410 0420 | 0414 0419 | 30001 1267 | 3625 1451 | 3048 1328

Table 3: Multivariate long-term forecasting results with supervised PatchTST. We use prediction
lengths 7' € {24, 36,48, 60} for ILI dataset and T' € {96,192, 336, 720} for the others. The best
results are in bold and the second best are underlined.
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The Capacity and Robustness Trade-off: Revisiting the Channel
Independent Strategy for Multivariate Time Series Forecasting

Lu Han, Han-Jia Ye, De-Chuan Zhan
State Key Laboratory for Novel Software Technology. Nanjing University
{hanlu,yehj}@lamda nju.edu.cn.zhande@nju.edu.cn

ABSTRACT

Multivariate time series data comprises various channels of vari-
ables. The multivariate forecasting models need to capture the
relationship between the channels to accurately predict future val-
ues. However, recently, there has been an emergence of methods
that employ the Channel Independent (CI) strategy. These methods
view multivariate time series dala as separale univariate time series
and disregard the correlation between channels. Surprisingly, our
empirical results have shown that models trained with the CI strat-
egy outperform those trained with the Channel Dependent (CD)
strategy, usually by a significant margin. Nevertheless, the reasons
behind this phenomenon have not yet been thoroughly explored
in the literature. This paper provides comprehensive empirical and
theoretical analyses of the characteristics of multivariate time series
datasets and the CI/CD strategy. Our results conclude that the CD
approach has higher capacity but often lacks robustness to accu-
rately predict distributionally drifted time series. In contrast, the CI
approach trades capacity for robust prediction. Practical measures
inspired by these analyses are proposed to address the capacity
and robustness dilemma, including a modified CD method called
Predict Residuals with Regularization (PRReg) that can surpass the
ClI strategy. We hope our findings can raise awareness among re-
searchers about the characteristics of multivariate time series and
inspire the construction of better forecasting models.

explicitly modeled by performing forecasting tasks [6, 7, 22, 39, 40]
Two widely used methods for time series forecasting are recur-
rent neural networks (RNNs) and convolutional neural networks
(CNNs). RNNs model successive time points based on the Markov
assumption [5, 16, 32], while CNNs extract variation information
along the temporal dimension using techniques such as tempo-
ral convolutional networks (TCNs) [2, 12]. However. due to the
Markov assumption in RNN and the local reception property in
TCN, both of the two models are unable to capture the long-term
dependencies in sequential data. Recently, Transformers with at-
tention mechanisms have gained increasing popularity in other
fields like natural language processing [8], speech recognition [9],
and even computer vision [10]. Researchers have also explored the
potential of Transformer models in long-term multivariate time
series forecasting (MTSF) tasks [24, 38, 43, 44].

Despite the significant progress made by Transformer-based
methods in forecasting long-term future values, a recent paper
questions the effectiveness of Transformer [42]. The authors have
demonstrated that a simple linear model can outperform all state-
of-the-art Transformer-based methods. However, it is important to
note that the linear model used by the authors employs a channel-
independent training strategy that is different from previous works.
Instead of considering all the channels as a whole, the authors train
a univariate forecast model that is shared across all the channels.
This training strategy is closely related to the global [33] or cross-
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% Experiments
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Table 1: Statistics of nine multivariate time series datasets.

Dataset(s) channels Timesteps Granularity

ETTh1&ETTh2 7 17,420 lhour
ETTm1&ETTm2 7 69,680 5min
Traffic 862 17,544 lhour
Electricity 321 26,304 lhour
Exchange-Rate 8 7,588 1day
Weather 21 52,696 10min

ILI 7 966 1week
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Table 3: MSE on nine multivariate time series datasets across various forecasting models.

Dataset Electricity ETThl ETTh2 ETTml ETTm2 Exchange_Rate Traffic Weather Mean
Horizon 48 9t 45 96 48 96 48 96 48 96 48 96 48 ] 45 96 24 36

Linear (CD) 0.442 0.444 0.402 0.514 0.711 1.520 0.404 0.433 0.161 0.269 0.119 0274 - - 0.142 0.165 2.343 2.436 11/16
Linear (CI) 0.195 0.196 0.345 0.386 0.226 0.319 0.354 0.351 0.147 0.189 0.051 0.088 0.703 0651 0.16% 0.202 2.847 2.857 1/16
Improve (%) +55.88 +55.91 +14.17 +24.94 +68.16 +79.04 +12.20 +18.85 +8.45 +29.73  +36.95 +67.84 - - -19.15 22.1 -21.52 -17.29  +25.75
GBRT (CD) - - 0.497 0.592 1.039 1.633 0.428 0.500 0370 0.606 0.919 1.387 - - 0.53%9 0.475 5.128 4.845 12/14
GBRT (CI) 0.165 0.171 0365 0.414 0636 1.167 0.341 0.367 0236 0318 0.270 0.335 0.532 0.550 0.146 0.185 5.186 4,983 0/14
Improve (%) - - +26.63 +29.99 +38.77 +28.57 +20.43 +26.63 +36.13 +47.50 +70.58 +75.87 - +72.96 +61.01 -1.13 -2.85 +37.93
MLP (CD) 0.293 0.305 0517 0.695 1664 3.651 0.453 0.507 0323 0.303 0.590 0802 1257.104 1118.137 0.140 0167 2.959 3.494 12/18
MLP (CI) 0.199 0.199 0360 0.408 0.254 0.321 0.457 0.513 0.157 0.197 0.172 0118 0.666 0.639 0.16% 0.202 3.618 3.840 3/ 18
Improve (%) +32.31 +34.57 +30.40 +41.36 +84.74 +91.22 -0.73 -1.14 +51.33 +34.85 +70.87 +85.28 +99.95 +99.94 21.35 21.37 -22.28 -9.838 +37.78
DeepAR (CD) 0.316 0.293 0.755 0.918 1.326 1.609 0.736 0.735 0444 0.747 0.912 1.093 0.644 0.691 0.380 0.473 5.593 5418 14/18
DeepAR (CI) 0.231 0.247 0.723 0.724 0601 0.714 (Lelo 0.566 0200 0.268 0.824 0878 0641 0.708 0.173 0.221 4.590 4.501 0/18
Improve (%) +26.73 +15.65 +4.30  +21.08 +54.71 +55.63 +16.26 +22.92 45491 +64.16 +9.67 +19.65 +0.55 -2.48 +54.38 +53.22 +17.94 +16.92 +28.12
TCN (CD) 0.359 0.383 0.735 0.890 1.453 1.539 1.095 0.834 0558 1.114 1.453 1.334 1.088 1.095 0.377 0.348 5.224 4.775 13/18
TCN (CT) 0.258 0.290 0.401 0.507 0404 0.663 (.6l4 0.534 0251 0313 1.458 1.562 0.754 0.835 0.290 0.33%9 6.671 5.142 2/18
Improve (%) +28.28 +24.47 +4540 +42.99 +72.17 +56.94 +43.93 +35.90 +70.77 +71.87 -2.41 -17.11 +27.98 +23.73 +23.05 +2.50 -27.70 -7.68 +28.62
Informer (CD) 0.326 0.349 0689 0.959 1.270 3.137 0.517 0.632 0310 0.370 0.790 0594 0.715 0.736 0.322 0.301 5.377 5.288 16/18
Informer (CI) 0.208 0.183 0560 0.532 0.311 0.382 0.366 0.426 0156 0.262 0.169 0190 0.601 0.549 0.162 0.260 4.980 5.254 0/18
Improve (%) +36.07 +47.47 +18.67 +44.58 +75.49 +87.83 +29.29 +32.61 +49.70 +29.10 +78.64 +78.69 +15.93 +25.43 +49.74 +13.41 +7.38 +0.65 +40.04
Transtormer (CD) 0.250 0.257 0.561 0.966 1.031 1.568 0.458 0.554 0.281 0.520 0.511 0659 0.645 0.650 0.251 0.423 5.309 5.406 17/18
Transformer (CI) 0.185 0.163 0.655 0.533 0.274 0466 0.379 0.49%6 0148 0.237 0.101 0137 0.558 0.526 0.168 0.225 4.307 5.033 0/18
Improve (%) +26.10 +36.39 +23.85 +44.834 +73.43 +75.07 +17.32 +10.43 +47.27 +54.40 +80.27 +79.30 +13.43 +19.13 +33.14 +46.87 +18.88 +6.89 +39.29
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