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performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine tra

slation tasks show these models to o Output
be superior in quality while being more parallelizable and requiring significantly l Embedding l EmbchIdi-lq |
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English- -
to-German translation task, improving over the existing best results, including T
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task, =

our model establishes a new single-model state-of-the-art BLEU score of 41.8 after Inputs
training for 3.5 days on eight GPUs, a small fraction of the training costs of the

best models from the literature. We show that the Transformer generalizes well to

other tasks by applying it successfully to English constituency parsing both with
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Abstract

Real-world time-series datasets are often multivariate with complex dynamics. To capture
this complexity, high capacity architectures like recurrent- or attention-based sequential
deep learning models have become popular. However, recent work demonstrates that simple
veral commonly

univariate linear models can outperform such deep learning models on s
used academic benchmarks. Extending them, in this paper, we investigate the capabilities of
linear models for time-series forecasting and present Time-Series Mixer (TSMixer), a novel
architecture designed by stacking multi-layer perceptrons (MLPs). TSMixer is based on

mixing operations along both the time and feature dimensions to extract information efficiently.

On popular academic benchmarks, the simple-to-implement TSMixer is comparable to
specialized state-of-the-art models that leverage the inductive biases of specific benchmarks.
On the challenging and large scale M5 benchmark, a reak-world retail dataset, TSMixer

demonstrates superior performance compared to the state-of-the-art alternatives. Our results

underline the importance of efficiently utilizing cross-variate and auxiliary information for
forecasting. We present vi

he design paradigms utilized in

of time ses

improving the performance
light into the capabilities of

forecasting. '

to open new horizons for deep
is available at: https://github.con/google-research/google-research/tree/master/
tsmixer.

ning-based time series
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% Linear Modef's advantages of capturing temporal information
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% TSMixer Architecture: Overall
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% TSMixer Architecture: Temporal Projection
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% TSMixer Architecture: Extended
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“  Bxpermental Results: Multivaraite Time Series Forecasting
«  77He| Muttivariate Time Series Forecasting Benchmark Dataset0ll CHoli /&, H|u! 212 CHH|

«  Window size0f| CHollA] Linear CHH| 24745 25 M2 window sizeOME 22 MsE HOE

Table 3: Evaluation results on the long-term forecasting datasets. The numbers of models marked with *
are obtained from Nie et al. (2023). The best numbers in each row are shown in bold and the second best

Ol
ro
0x
or

numbers are underlined. We skip TMix-Only in comparisons as it performs similar to TSMixer. The last row

shows the average percentage of MSE improvement of TSMixer over other methods.

Multivariate Model Univariate Model
Models TSMixer TFT FEDformer* | Autoformer®| Informer® | TMix-Only i PatchTST*
Metric MSE MAE|MSE MAE|MSE MAE |MSE MAE [MSE MAE|MSE MAE MSE MAE

ETThl |96 |0.361 0.392|0.674 0.634]|0.376 0.415 |0.435 0.446 [0.941 0.769(0.359 0.391 | 0.368 0.392(0.370 0.400

192|0.404 (0.418 |0.858 0.704[0.423 0.446 [0.456 0.457 |1.007 0.786|0.402 0415 |0.404 0.415]|0.413 0.429

336/0.420 0.431[0.900 0.731|0.444 0.462 |0.486 0.487 |1.038 0.784[0.420 0.434 | 0.436 0.4391 0.422 0.440

(
(

Weather T=96 Weather T=192 Weather T=336 Weather T=720
0.28

—&— Linear
—o— TSMixer

—&— Linear
—®— TSMixer

—a&— Linear N\ —&— Linear
—&— TSMixer 0.34 —&— TSMixer

0.23 4
T20{ 0463 0.47210.745 0.666 [0.469 0.492 [0.515 (0.517 [1.144 0.857 (0453 0.467 | 0481 0495 (0.447 0.468

ETThZ |96 |[0.274 0.341[0.409 0.505]|0.332 0.374 |0.332 0.368 |1.539 0.052|0.275 0.342 | 0.207 0.363 |0.274 0.337
192|0.339 0.385 [0.953 0.651(0.407 0.446 [0.426 0.434 |3.792 1.542{0.339 0.386 | 0.398 0.429 | 0.341 0.382 02148
336]0.361 0.406 | 1.006 0.709[0.400 0447 [0.477 0.479 [4.215 1.642|0.366 0.413 | 0.500 0.491|0.329 0.384 0164 \
720| 0445 0.470 [1.187 0.816]0.412 0.469 [0.453 0.490 |3.656 1.619|0.437 0465 | 0.795 0.633 [0.379 0.422 . 0.20 N 0.25 4 0.32 1
ETTml |96 [0.285 0.339]0.752 0.626|0.326 0.390 |0.510 0.492 [0.626 0.560]0.284 0.338 | 0.303 0.346 0.346 e— o o o194 o 024 N—— o
192|0.327 0.365(0.752 0.649(0.365 0.415 [0.514 0.495 |0.725 0.619]0.324 0.362 | 0.335 0.365 0370 % 16 =12 70 % [P 730 % [ — 70 % 26 sz 730
336/0.356 0.382|0.810 0.674]0.392 0.425 0.510 0.492 [1.005 0.741(0.359 0.384 | 0365 0.384 0.392 L " " L

720| 0419 0.414[0.849 0.695(0.446 0.458 [0.527 0.493 500419 0.414 | 0419 0415 |0.416 0.420 ) ) ) )
ETTm2 | 96 |0.163 0.252|0.356 0.472|0.180 0.271 [0.205 0.293 2[0.162 0.249 | 0.170 0.266 6 Traffic T=96 Traffic T=192 Traffic T=336 Traffic T=720
192(0.216 0.200[0.739 0.626(0.252 0.318 [0.278 0.336 310,220 0.203 |0.236 0.317|0.223 0.206 —a— Linear 0.601 —a— Linear 0.60 4 —a— Linear 0651 —a— Linear
336(0.268 0.324/|0.477 0.494[0.324 0.364 [0.343 0.379 0.269 0.326 [0.308 0.369 0.329 06 —e— TSMixer 0.554 —o— TSMixer 055 —o— TSMixer 0.60 | —o— TSMixer
720| 0420 0.422[0.523 0.537|0.410 0420 [0.414 0.419 |3.001 1.267|0.358 0.382 |0.435 0.449|0.362 0.385 :

Weather | 96 |0.145 0.198[0.441 0.474[0.238 0.314 [0.249 0329 |0.354 0.405]0.145 0.196 [0.170 0.229|0.149 0.198 05 4

192|0.191 0.242 [0.699 0.599(0.275 0.329 [0.325 0.370 |0.419 0.434]0.190 0.240 | 0.213 0.268 | 0.194 0.241 a

336(0.242 0.280/0.693 0.596[0.339 0.377 [0.351 0.391 [0.583 0.543[0.240 0.279 [0.257 0.305]0.245 0.282

720| 0320 0.336 [1.038 0.753]0.389 0.409 [0.415 0.426 |0.916 0.705]0.325 0.339 | 0.318 0.356 [0.314 0.334 0.4 1
Electricity| 96 | 0.131 0.220[0.205 0.376[0.186 0.302 [0.196 0.313 [0.304 0.393[0.132 0225 0135 0.23:
192 0,151 0.246 |0.327 0.397[0.197 0.311 |0.211 0.324 7|0.152 0.243 | 0.149
336(0.161 0.2610.298 0.380[0.213 0.328 |0.214 0.327 20166 0.260 | 0.164
720/0.197 0.293 |0.338 0.412]0.233 0.344 [0.236 0.342 710.200 0.291 | 0.199
Trafic | 96| 0376 0.264]0.678 0.362|0.576 0.359 [0.597 0.371 [0.733 0.410]0.370 0.258 [ 0.395 0.360 0.249
192| 0397 0.277 |0.664 0.355]0.610 0.380 [0.607 0.382 |0.777 0.435[0.390 0.268 |0.406 0.379 0.256
336| 0413 0.290 [0.679 0.3540.608 0.375 [0.623 0.387 |0.776 0.434[0.404 0.276 [0.416 6(0.392 0.264
720| 0444 0.306 [0.610 0.326]0.621 0.375 [0.639 0.395 |0.827 0.466|0.443 0.297 | 0.454 0.308 [0.432 0.286
TSMixer MSE Imp. 51.94% 16.69% 24.51% 62.40% -0.66% 6.77% -1.53%

0.18 4 0.27 4

0.22 4

0.26

MSE
MSE

i}
2 0334

MSE

W 0.50 4

MSE
MSE

050 {a, % 0.55 -

0.45 4 0.50

0.45 1

.40 -
0.129 0.222 . r . y 0407, : . : 0.40 1, . . :
i 10.147 0.240 96 336 512 720 96 336 512 720 96 336 512 720
0.163 0.259
0.197 0.290
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TSMixer: An all-mlp architecture for time series forecasting

% Bxperimental Results: Auxiiary feature

- BXHBE AE8Kstatic, future information S) R = 7

- AAZ S EEEN 2Oz HX HEE S5

AR

WA Zh ARy /wvgz
CEER

Optimal
Time Series Forecasting
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Table 5: Evaluation on M5 with auxiliary information.

Auxiliary feature

Models S— Test WRMSSE Val WRMSSE
Static  Future

DeepAR v v 0.789+0.025 0.611+£0.007
TFT v 4 0.670+0.020 0.579+0.011
0.737+0.033 0.00040.000
. (74 0.657+0.046 0.00040.000
TSMixer-Fxt v 0.697-£0.028  0.0000.000
v v 0.640+0.013 0.568+£0.009
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Research Trend

“*  Research Trend after Transfomer

Informer FEDformer
(AAAI 2021) (PMLR 2022

Attention is all you Need PatchTST PITS
(NeurlPS 2017) Autoformer (ICLR 2023) (ICLR 2024)

(NeurlPS 2021)

* Optimal Model2

EH2 710 A Sie4aliof oiCH

ITransformer

L TSF—Linear (ICLR 2024)
(AAAI2023)

TSMixer
(TMLR 2023)
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iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

% iTransformer: Inverted Transformers are Effective for Time Series Forecasting(iICLR 2024)
« 2025858 7IE A3 S

*  Transfomer?| inputS F&I= ZFS HEES Soll, CHHAZ AAIZ KIS0 TransformerZt =X IS FIA

ITRANSFORMER: INVERTED TRANSFORMERS ARE LT SF—LmearQ_' Title
EFFECTIVE FOR TIME SERIES FORECASTING

Yong Liu; Tengge Hu; Haoran Zhang; Haixu Wu, Shiyu Wang®, Lintao Ma¥, Mingsheng Long™
Suhuul of Software, B'\lRixI Txinghuu University, Beijing 100084, China

el P—— Are Transformers Effective for Time Series Forecasting?

ABSTRACT

The recent boom of linear forecasting models questions the ongoing passion for

architectural modifications of Transformer-based forecasters. These forecasters

leverage Transformers to model the global dependencies over temporal tokens of

time series, with each token formed by multiple variates of the same timestamp.

However, Transformers are challenged in forecasting series with larger lookback

windows due to performance degradation and computation explosion. Besides, the o
embedding for each temporal token fuses multiple variates that represent potential i-l-ransfol | | Ier__l -ntle
delayed events and distinct physical measurements, which may fail in learning

variate-centric representations and result in meaningless attention maps. In this

work, we reflect on the competent duties of Transformer components and repurpose

the Transformer architecture without any modification to the basic components. We

propose iTransformer that simply applies the attention and feed-forward network

on the inverted dimensions. Specifically, the time points of individual series are em-

bedded into variate tokens which are utilized by the attention mechanism to capture

multivariate correlations; meanwhile, the feed-forward network is applied for each

variate token to learn nonlinear representations. The iTransformer model achieves | nverted Tra nsforrn erS a
state-of-the-art on challenging real-world datasets, which further empowers the

Transformer family with promoted performance, generalization ability across differ-

ent variates, and better utilization of arbitrary lookback windows, making it a nice

alternative as the fundamental backbone of time series forecasting. Code is avail-

able at this repository: https://github.com/thuml/iTransformer.

ffective for Time Senes Forecasting|
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iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

% Reuwisiting the Channel Independence Strategy
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iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

% Reuwisiting the Channel Independence Strategy
»  Channel Independence Strategy2| alie!: CHHZF AJAIZS THHZ A[AHO| Eigto = QIAIGH| ofkH

* 9l ClStrategy” | & 271 O|2XQI HIE 2 55, 2aXel 2t &X

Cl Setting
[ \( ( )

]
J Transfomer
]
]

=

L

Time Seties

Encoder

Data Mining
UKN(R/IE{REﬁ oﬁ Quallity Ancilytics




Bl Method

iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

% Reuwisiting the Channel Independence Strategy
»  Channel Independence Strategy2| alie!: CHHZF AJAIZS THHZ A[AHO| Eigto = QIAIGH| ofkH

* 9l ClStrategy” | & 271 O|2XQI HIE 2 55, 2aXel 2t &X

Cl Setting \(

]
J Transfomer
]
]

=

L

Time Seties

Encoder

Data Mining
UKN(R/IE{REﬁ oﬁ Quallity Ancilytics




Bl Method

iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

< Revisiting the Channel Independence Strategy
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% Reuwisiting the Channel Independence Strategy
»  Channel Independence Strategy2| alie!: CHHZF AJAIZS THHZ A[AHO| Eigto = QIAIGH| ofkH

=

L

+ CIStrategy?} X EI7R: O|Z QI tifZ) M S, AlBIxi0l Znjot =7}

Cl Setting ‘(

J | J
) Transfomer | ]
) Encoder ( ]
J | J

Time Seties

Data Mining
KOREA .{\ A

UNIVERSITY Quallity Analyfics




Bl Method

iTransformer: Inverted Transformers Are Effective for Time Series Forecasting
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% Reuwisiting the Channel Independence Strategy
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% Reuwisiting the Channel Independence Strategy
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iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

**  Inverted Transformer
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+*  Inverted Transformer
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+»»  Overal Structure
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+»»  Overal Structure
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+»»  Overal Structure
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iTransformer: Inverted Transformers Are Effective for Time Series Forecasting
*  Postional Embedding is not Needed
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“  Bxpermental Results: Multivaraite Time Series Forecasting
«  7702] Multivariate Time Series Forecasting Benchmark Dataset0] CHol A&

+ O[3 67He| HIOJEAI0IA SOTAS]

M=o

Table 1: Multivariate forecasting results with prediction lengths S € {12, 24, 36, 48} for PEMS and
S € {96,192, 336, 720} for others and fixed lookback length 7' = 96. Results are averaged from all
prediction lengths. Avg means further averaged by subsets. Full results are listed in Appendix F.4.

Models iTransformer RLinear  PawchTST Crossformer  TiDE TimesMNet  DLinear SCINet  FEDformer Stationary Autoformer
‘ (Ours) (2023) (2023) (2023) (2023) (2023) (2023) (2022a) (2022)  (2022b) (2021)

Metric  |MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

ECL  |0.178 0.270 |0.219 0.298]|0.205 0.290]0.244 0.334|0.251 0.344|0.192 0.295]0.212 0.300]0.268 0.365|0.214 0.327[0.193 0.296|0.227 0.338

ETT (Avg) |0.383

0.399 |{I.3HU Ij.3‘J2|l}_."'rHI EJ.]'-}'.-‘|I.}.635

l}.ﬁ?ﬂll}.dﬂi ﬂ.4?1}|ﬂ.391 l}_4f14|f1.442 l}.444|ﬂ_ﬁ3'§ fJ.S‘:}?ll}.clfJﬁ 0_428|U.4?1 ﬂ.4ﬁ4|ﬂ_4ﬁi 0.459

Exchange |0.360

0.403 |0.378 0.417]|0.367 0.404|0.940

0.707|0.370 0.413|0.416 0.443|0.354 0.414|0.750 0.626]0.519 0.429|0.461 0.454|0.613 0.539

Traffic |0.428

0.2582 |ﬂ.ﬁ2ﬁ fl.3?3|l}_4!'il [].3[]‘4|l}.55ﬂ

0.304]0.760 0.473]0.620 0.336]0.625 0.383[0.804 0.509]0.610 0.376]0.624 0.340/0.628 0.379

Weather |0.258

0.278 |0.272 0.291]0.259 0.281]0.259

0.315|0.271 0.320|0.259 0.287|0.265 0.317|0.292 0.363|0.309 0.360|0.288 0.314|0.338 0.382

Solar-Energy|0.233

0.262 |0.369 0.356/0.270 0.307]0.641

0.639]0.347 0.417]0.301 0.319]0.330 0.401]0.282 0.375]0.291 0.381]0.261 0.381|0.885 0.711

PEMS (Avg)|0.119

0.218 |0.514 0.482]0.217 0.305]0.220

0.304|0.375 0.440|0.148 0.246|0.320 0.394|0.121 0.222|0.224 0.327|0.151 0.249|0.614 0.575
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% Bxperimental Results: Generalization
*  Transformer 7222 AIESH 7 |E AAIE 0I5 22| iTransformer2] O10|E|04(inputS Transpose) X2
*  168%~389%2 =2 &5 = EY
Table 2: Performance promotion obtained by our inverted framework. Flashformer means Transformer

equipped with hardware-accelerated FlashAttention (Dao et al., 2022). We report the average
performance and the relative MSE reduction (Promotion). Full results can be found in Appendix F.2.

Flashformer
(2022)

Flowformer
(2022)

Reformer Informer
(2020) (2021)

Transformer

Models (2017)

Metric

| MSE

MAE | MSE

MAE | MSE

MAE | MSE

MAE | MSE

MAE

Original

ECL +Inverted

0.277
0.178

0.372 | 0.338
0.270 | 0.208

0.422 | 0.311
0.301 | 0.216

0.397 | 0.267
0.311 | 0.210

0.359 | 0.285
0.293 | 0.206

0.377
0.291

| Promotion

| 35.6%

27.4% | 38.4%

28.7% | 30.5%

21.6% | 21.3%

18.6% | 27.8%

22.9%

Original

Traffic | +Inverted

0.665
0.428

0.363 | 0.741
0.282 | 0.647

0.422 | 0.764
0.370 | 0.662

0.416 | 0.750
0.380 | 0.524

0.421 | 0.658
0.355 | 0.492

0.356
0.333

| Promotion

| 35.6%

22.3% | 12.7%

12.3% | 13.3%

8.6% | 30.1%

15.6% | 25.2%

6.4%

Original

Weather | +Inverted

0.657
0.258

0.572 | 0.803
0.279 | 0.248

0.656 | 0.634
0.292 | 0.271

0.548 | 0.286
0.330 | 0.266

0.308 | 0.659
0.285 | 0.262

0.574
0.282

| Promotion

| 60.2%

50.8% | 69.2%

55.5% | 57.3%

39.8% | 7.2%

7.7% | 60.2%

50.8%

KOREA

‘ Data Mining
UNIVERSITY Y Quallity Analyfics




Jl Method

iTransformer: Inverted Transformers Are Effective for Time Series Forecasting

< Bxperimental Results: Increasing Lookback Length
*  InputTime Series2| Look back windowZE CI=4| ol0{ &
«  CIERECIEA, Look back window?/| 2 AN EH E2 Hs2 715

ECL Traffic
0.351
0.301
@
= 0.251
& A——h—

48 96 192 336 720 48 96 192 336 720

- iTransformer —A— IFlowformer ilnformer Transformer —&— Flowformer ~@— Informer

Figure 6: Forecasting performance with the lookback length 7" € {48, 96, 192, 336, 720} and fixed
prediction length S = 96. While the performance of Transformer-based forecasters does not
necessarily benefit from the increased lookback length, the inverted framework empowers the vanilla
Transformer and its variants with improved performance on the enlarged lookback window.
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Leaming to Embed Time Series Patches Independently
% Leaming to Embed Time Series Patches Independenti/(ICLR 2024)
« 20254958l 72403218
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LEARNING TO EMBED TIME SERIES PATCHES

INDEPENDENTLY . . - . . -

Seunghan Lee, Taeyoung Park, Kibok Lee
Department of Statistics and Data Science, Yonsei University
{seunghan9613, tpark, kibok}@yonsei.ac.kr

ABSTRACT

Masked time series modeling has recently gained much attention as a self-

supervised representation learning strategy for time series. Inspired by masked 3'./\ _'I_I-IO." .I I_E 9‘I S|
image modeling in computer vision, recent works first patchify and partially mask M I I | == | L (@] A I:‘ L PatCh (@)
out time series, and then train Transformers to capture the dependencies between e = R; OF

patches by predicting masked patches from unmasked patches. However, we argue EE O I o o I-XI L%j-"!

that capturing such patch dependencies might not be an optimal strategy for time
series representation learning; rather, learning to embed patches independently
results in better time series representations. Specifically, we propose to use 1) the
simple patch reconstruction task, which autoencode each patch without looking
at other patches, and 2) the simple patch-wise MLP that embeds each patch in-
dependently. In addition, we introduce complementary contrastive learning to
hierarchically capture adjacent time series information efficiently. Our proposed
method improves time series forecasting and classification performance compared

to state-of-the-art Transformer-based models, while it is more efficient in terms
of the number of parameters and training/inference time. Code is available at this
repository: https://github.com/seunghanfé/pits.
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Leaming to Embed Time Series Patches Independently

/

% Revisit PatchTST: Modeling Inter—Patch Correlation
*  PatchTST: Ha=S8MOZ, Patch= dependencies 111

o O{=A AHUAIS 12{ok=7}?: Transformer?| AttentionO| Q1= Z1o] Al AIE 112517 | [HE

Query

l Correlation
Matmul ——  Scale

> Map — P
T Feed—Forward
Key
Value » Matmul
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Leaming to Embed Time Series Patches Independently

R

*  Reuvisit PatchTST: Modeling Inter—Patch Cormrelation
*  PatchIST: = E-MOZ | Patche= dependencies 112

«  OfEA| AEEAE 12ok=7I7: Transformer2| Attention0| I 79| &t ZAIE 1126l | HE

Query
| o  Gameliion ‘

Matmul —— cale > Map 7y >
T Feed-Forward
Key

Value »  Matmul

~~
0

®)

—  HPSKE500M PatchS RHAGH= Gl Patch 7t A7 HQSIR
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Leaming to Embed Time Series Patches Independently

% Pl(Patch Independent) Structure
*  Patch=2| dependenciesE 112{ofX| 2411, patch SR O = Sl501A| Sh= Patch Independent 2= ARt

+ 7R Paich 7|5t BHS0| ARSIE Attention 7 I Transformer?}ORd Simple MLP2 AP H34 3l

Weight Matrix Bias

=g T [ Feed-Forward

v 1
v
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Leaming to Embed Time Series Patches Independently

% Pl(Patch Independent) Structure

«  Patch&2| dependenciesS 1I2{otA| 21, patch SEMO = k&5 5= Patch Independent 7225 H[QF

+ 71 Paich 7|5t BHS0| ARSSIE Attention 7 I Transformer?}OF Simple MLP2 AP H34 3l

Patch Dependent
Patch Dependence

Value »  Matmul

Weight Matrix Bias
— B
e — @ Feed-Forward Patch 12| A 1121 X
- Patch Independence
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Leaming to Embed Time Series Patches Independently

% PITS

«  Unmasked Prediction: 29O = Masking=l 242 0f|IS6t= 2o oS W=t EHe2|, Masking=|X| 24

LS
£ Sl= Unmasked Prediction H[Qt
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|-0Il
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1 | ! 1 I I
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Leaming to Embed Time Series Patches Independently —— —
0:0 Prrs Input Timm:;:pendent)
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J4w1 Compute View?

% Complementary Contrastive Loss " conmabmlionl
Patch representation= A7 50| CHolA max—poolingAl7 |11, 2F AN lossE St

Of= maskE Sofl 4IE F viewOl| 2[oli O|F0IX|H, LHE FAIES softmax 2{E2 Akt

= = C “EE PR P
I | 1 | I e .
| ! 1 § ! (. I .
I 1 | N ! [ I [ 1
L E _ L . - 1 |
= i - —

[ MaxPool ] [ MaxPool ] [ MaxPool ] [ MaxPool ]
l . f ‘. - r. r.
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Leaming to Embed Time Series Patches Independently
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Leaming to Embed Time Series Patches Independently
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*  Patchrepresentation= A F=01| ColA] max—poolingA |7 |11, 2- HA|0A lossE St
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Leaming to Embed Time Series Patches Independently

+»» Lossfunction
e Patchreconstruction loss: L2 X |S EX| 8411 IiX|E S5 reconstruction loss %

*  Contrastive loss: CH= viewdi| Q= I AAIE HHE AISHO 2 di

] ] o . o
I I N 1 1 |
. § . ! ,' JL:'reu:::nn — [:'recc-nl + ‘creconQ ! ) '

-

MLP ﬁreconl £recon2 MLP

Input Time Series(Channel Independent)

Data Mining
UKN(R/IE{REﬁ o‘& Quallity Ancilytics




Bl Method

Leaming to Embed Time Series Patches Independently

+»» Lossfunction
e Patchreconstruction loss: L2 X |S EX| 8411 IiX|E S5 reconstruction loss %
*  Contrastive loss: CH= viewdi| Q= I AAIE HHE AISHO 2 di
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Leaming to Embed Time Series Patches Independently
% Bxperimental Results: Multivariate Time Seres Forecasting

«  O{EMEOMEZ AAIZE 0= SOTA 22 CHH| FO{t S5 7 1=

*  G|OJEA10] HHH= Transfer Leaming A= 20iA Et self-supervised BEE CHH| 240t

Models Self-supervised Supervised
PITS PITS w/o CL PatchTST" SimMTM' PITS PatchTST SimMTM' DLinear TSMixer FEDformer Autoformer
Metric | MSE MAE MSE MAE MSE MAE MSE MAE || MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
_ 96 | 0367 0393 0367 0393 0379 0408 0367 0402 || 0369 0397 0375 0399 0380 0412 0375 0399 0361 0392 0376 0415 0435 0446
£ 192 | 0401 0416 0400 0413 0314 0428 0403 0425 |[ 0403 0416 0414 0421 0416 0434 0405 0416 0404 0418 0423 0446 0456 0457
£ 336 | 0415 0428 0425 0430 0435 0446 0415 0430 || 0409 0426 0431 0436 0448 0458 0439 0443 0420 0431 0444 0462 0486 0487
720 | 0425 0452 0444 0459 0468 0474 0430 0456 0465 0449 0466 0481 0469 0472 0490 0463 0472 0469 0492 0515 0517
. 96 | 0269 0333 0269 0334 0306 0351 0288 0347 | 0281 0343 0274 0336 0325 0374 0289 0353 0274 0341 0332 0374 0332 0368 p— P—
192 | 0329 0371 0332 0361 0392 0346 0385 || 0345 0383 0339 0379 0400 0424 0383 0418 0339 0385 0407 0446 0426 0434 ! alch TS : . - . 3
E 336 | 0356 0.397 0405 0427 0363 0401 0331 0380 0405 0433 0448 0465 0361 0406 0400 0447 0477 0479 SimMTM - TimeMAE  TST  LaST  TF-C CoST
720 | 0383 0425 0385 0428 0419 0446 039 0431 [ 0.389 0379 0422 0451 0475 0605 0551 0445 0470 0412 0469 0453 0490 Source  Target | FT LP FT LP
T w2 |032 0313 033 037 0327 03 0369 || 0330 0332 0369 0333 0374 0335 0363 0327 0363 036 0415 0314 0.495 In. | ETTh2 ETThl | 0404 0403 | 0423 0464 0415 0.728 0645 0443 D525 (504
= e . . 5. . ¥ ) ) 3. & K Ml L33 .3 332 . 302 SuFa 1302 .02 . - - . ~ =
= Sl 2o st . : 2 : 2
£ 0336|0359 0388 0365 0384 0364 039 0385 0366 0392 0370 0398 0369 0386 0356 0382 0392 0425 0510 0492 domain | ETTm2  ETTml | 0.345 0354 | 0348 0411 0351 0682 0480 0414 0758 0354
720 | 0396 0414 0420 0415 0409 0415 0418 0420 0424 0427 0431 0425 0421 0419 0414 0446 0458 0527 0493 Averane 0375 0378 | 0386 0.406 0353 0705 0563 0470 0697 0469
96 | 0165 0260 0.160 0253 0167 0236 0257 0.165 0175 0268 0167 0260 0.163 0252 0180 0271 0205 0293 = —
é 192 | 0.213 0291 0213 0291 0232 0302 0.295 0.220 0240 0312 0224 0303 0216 0290 0252 0318 0278 0336 ETTm2 ETThl | 0407 0405 | 0433 042] 0.428 0.724 0632 0503 1091 0582
S 250|037 0373 030 0315 038 03% 038 03 0367 0403 0413 0397 0421 0420 0422 0410 0420 0414 0419 BITh2 ETTml | 0350 0357 | 0363 0378 | 0365 0688 0472 0475 0750 0377
2] K L3I R A A ] x .40 .41 .3 . .4 . . . . .
96 | 0151 0201 0.154 0205 0146 0194 0.202 0.202 ‘ 0.166 0216 0176 0237 0145 0198 0238 0314 0249 0329 Cross HITml ETTML | G40 0409 | G447 0432 0422 0.726 0645 0426 0700 0730
= .15 .2 X 2 X X 1202 .2 3 .2 3 .27 145 0. .23 K . . 55— - ; “ “ L
2 192 |0195 0243 0200 0247 0192 0238 0.295 0.242 0208 0254 0220 0282 0191 0242 0275 0329 0325 0370 domain EITTH ETTml | 0.352 0357 | D348 [1314 0.346 0.666 0482 0353 0746 0339
5336|0244 0280 0245 0282 0.245 0280 0283 0.280 0257 0290 0265 0319 0242 0280 0339 0377 0351 0391 Weather ETThl | 0.406 0406 | 0437 0423 0456 - - - - -
Z 720 | 0314 0330 0312 0330 0320 0336 0320 0338 0330 0326 0338 0323 0362 0320 0336 0389 0409 0415 0426 Weather ETTml | 0350 0356 | 0.348 0,358 - - - - -
L 96 | 0372 0258 0374 0266 0393 0275 0368 0262 0264 0471 0309 0410 0282 0376 0264 0576 0359 0597 0371
£ 192|03% 0271 0395 0270 0354 0373 0251 0270 0385 0475 0308 0423 0287 0397 0264 0610 0380 0607 0382 Average 0.379 0382 | 0.396 0.397 | 0.39% - - - - -
£ 336 [ 0411 0280 0408 0277 0 0395 0254 0277 0398 0265 0490 0315 0436 0296 0413 0290 0608 0375 0623 0387
720 | 0436 0290 0436 0.290 0306 0432 0290 0294 0434 0287 0524 0332 0466 0315 0444 0306 0621 0375 0639 0395
= 96 | 0130 0225 0131 0226 0221 0133 0223 0228 0130 0222 0190 0279 0140 0237 0131 0229 0186 0302 019 0313
Z 192 | 0144 0240 0145 0240 0238 0147 0237 || 0.147 0242 0148 0240 0195 0285 0153 0249 0151 0246 0197 0311 0211 0324
S 336 | 060 0256 0.162 0256 0256 0166 0265 || 0162 0261 0167 0261 0211 0301 0169 0267 0161 0261 0213 0328 0214 0327
= 720 | 0194 0287 0201 0290 0290 0203 0297 || 0199 0290 0202 0291 0253 0333 0203 0301 0197 0293 0233 0344 0236 0342
Average | 0301 0327 0304 0328 0333 0306 0331 || 0304 0329 0307 0327 0343 0355 0332 0351 0311 0333 0373 0386 0412 0409

{Multivariate Time Series Forecasting Results) (Transfer Leaming Results)

Data Mining
KOREA .{l,.

UNIVERSITY Quallity Ancilytics




Jl Method

Leaming to Embed Time Series Patches Independently

% Bxperimental Results: Time Series Classification

«  Time Series Classification TaskOl|A{ = E} seff-supervised HEHZ CiH]|

042 taskOiIM transfer leaming@| &5 &5 -) EHIQ! Haloll ZZSHUHEUS US

ACC. FRE. REC. 1-.'1 In-domain transter learning Cross-domain transfer leaming
— SleepEEG — Epilepsy SleepEEG — FD-B SleepEEG — Gesture SleepEEDG — EMG

! Sz‘”ie‘* 92.17 93.84 8119 8571 ACC. PRE. REC. F, | ACC. PRE. REC. F, | ACC. PRE. REC. F, |ACC. PRE REC. F,
CG‘%{ 88.07 91.58 66.05 69.11 TS-5D | #9.52 8008 7647 7167 | 5566 S7.00 6054 5703 | 6022 66U8 BE67 6656 | 4606 1545 3333 2111
LaST 92,11 9312 8147 8574 TS2Ver | 9395 0059 9039 G045 | 4790 4339 4842 4389 | 6917 6545 6854 6570 | 7RS4 H04D 6785 67.66
TE-C 0306 0487 8587 8946 CoST | 8840 88230 7234 7688 | 4706 3879 3842 3479 | 6833 6530 6833 6642 | 5365 4007 4210 3527
i LaST | 8646 9077 6635 7067 | 4667 4390 4771 4517 | 64.17 7036 6417 5876 | 66.34 7934 6333 7255
IST 8021  40.11 350,00 4451 Mixing-Up | 8021 4011 5000 4451 | 6789 7146 7613 7273 | 6933 67.19 6933 6497 [ 3024 1099 2583 1541
TimeMAE 80.34 90.16 5033 45.20 TS-TCC | 9253 9451 S181 8633 | 5499 5279 6396 5408 | TIHE 7135 TIL67 6084 | TRE0 SES51 6310 5904
] — _ TEC | 9495 9456 K008 9149 | 6038 7559 7202 T487 | 7642 7731 7429 7572 | K171 7165 K159 T6E
SimMTM 9475 95.60 8993 09141 TST 021 4011 S000 4451 | 4640 4158 4550 4134 | 6917 6660 6917 6601 | 4634 1545 3333 2011
— - - ~ ~ TimeMAE | 8071 7236 6747 6855 | 7088 6695 6894 6656 | TI8% T035 7675 6837 | 6999 7025 6344 TOE0
PITSw/o CL | 95.27 9535 0527 9530 SimMTM | 9549 9336 9228 G281 | 6940 741% 7641 701 | S000 7903 8000 76T | 97.56 9833 904 914
PITS 95.67 95.63 95.67 95.64 PITS | 9571 9569 9571 9570 | 8865 8886 88.65 88.63 | 9250 9332 9250 9248 | 1000 1000 1000 1000

Table 5: Results of TSC.
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Table 6: Results of TSC with transfer learning.




Il Conclusion
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*  Linear ModelO| A[HE2| LI HEHOA QPEHOZ 2iFst 4~ QIS S 0|28 02 5
H= 710 At 2|, B HEHE 2E25HMILP-only Architecture XIA|
% ilransformer: Inverted Transformers Are Effective for Time Series Forecasting

o A|ZH=04| CHEHA] UHIE =21, Multi-Head AttentionOf|A] BAROZ 4 7 HAR 2| T12{510] OIS M SF

% Leaming to Embed Time Series Patches Independently
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