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Time Series Forecasting
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Consumption Flow Changes Variations Propagation
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Time Series Forecasting

Energy Traffic Economic Weather Disease

Consumption Flow Changes Variations Propagation
|
! Forecasting
: / Long-term planning and
: early warning
| “® - Longer forecasting horizon
: - More accurate prediction
I >

Past Observations Future Time Series
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Long-Term Time Series Forecasting

Energy Traffic Economic Weather Disease

Consumption Flow Changes Variations Propagation
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| I:> Extend the forecast time
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Transformers
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@ PEATEMEES

Modeling the relation of words

with point-wise Self-Attention

1l

Quadratic complexity for long-term forecasting

Vaswani et al. Attention is All Your Need. NeurlPS 2017. 6
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Transformers for Time Series Forecasting

Forecasting

Results
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Informer [Zhou et al. AAAI 2021], Reformer [Kitaev et al. ICLR 2020], Log Trans [Li et al. NeurlPS 2019]
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Long-Term Time Series Forecasting

Intricate temporal patterns
Longer forecasting horizon |:>

Deal with long series (complexity)

Plateau
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Uptrend
Downtrend Drop Fluctuation

Uptrend
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Autoformer

Autoformer: Decomposition Transformers with
Auto-Correlation for Long-Term Series Forecasting

Haixu Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long ()
School of Software, BNRist, Tsinghua University, China

{whx20,x3h20}@mails.tsinghua.edu.cn, {jimwang,mingsheng}@tsinghua.edu.cn
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Autoformer vs. Transformer

Transformer Autoformer
Hard to directly find reliable temporal Decomposition architecture to ravel
dependencies from raw series out the entangled temporal patterns
X
Intricate
Time ¢
Temporal Series WW
Plateau St
Patterns Uptrend | Dreoer? Fluctuation &
Trend A
: / Uptrend -cyclical = /_\AT/T/ —\i\ Data
Part / Mean
I Downtrend
| . Seasonal________‘
Past Future Part Zero
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Autoformer vs. Transformer

Transformer

@ PEATEMEES

Autoformer

Time Series

Continuity

Self-Attention discover the temporal

dependencies from scattered points

(a) Full Attention

Auto-Correlation to discover the

Series-wise temporal dependencies

o g

Period 1 Period 2

(d) Auto-Correlation

11
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THE GLOBAL ARTIFICIAL INTELLIGENCE TECHNOLOGY CONFERENCE (2023)

Autoformer vs. Transformer

Transformer Autoformer

« Point-wise Self-Attention is 0(L?) Auto-Correlation mechanism based on

« Adopt sparse version for efficiency stochastic process theory with inherent

resulting in the trade-off dilemma X O(L log L) complexity
Computation
1 5 - " L} L} L ] L) - 50
1Cl —— Auto-Correlation From Autoformer
Efficiency e ol ETTEmm
g — ention From Reformer !
on ProbSparse Attention From Informer —— LSH Attention from Reformer
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Output Length
(@) Memory Efficiency Analysis

Output Length
(b) Running Time Efficiency Analysis

12
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Autoformer Architecture

Encoder Input

M To Predict

Seasonal Init

@ PEATEMEES
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Autoformer Architecture
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Decomposition architecture for intricate temporal patterns.
14
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Autoformer Architecture
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Series-wise Auto-Correlation for information utilization bottleneck.



20232 A TEREAXS

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE (2023)

Decomposition

Trend B

-cyclical =4 N T T Data
N
Part Mean
Seasonal | /| m JUA MoLJUA |
Part ~ Zero

Highlight the inherent
properties of time series

Time
Series \

@ PEATEMEES
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Decomposition as Pre-processing

« Limited by the capabilities of decomposition

* Overlooks the potential future interactions among components

Trend Trend-cyclical Trend-cyclical
~cyclical = \A— |_Data — —_— ST
component Prediction
Part Mean Results
Seasonal | {\ . JUA Mo (LA T — _—
Part ~ Zero

ﬁ Highlight the inherent
properties of time series unknown

Time
Series ’ ‘
>17
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Decomposition in Architecture

Encoder Input

@ PEATEMEES
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Autoformer Encoder e %W W\,}‘\

Encoder Input || | g e o | g o o] ensona
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Progressive decomposition capacity

Decompose the trend from the intermediate “future” and refine it in the decoder. 19
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Decomposition in Architecture: Input

IIAutoformer Encoder
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Decomposition in Architecture: Encoder

Encoder Input
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Focus on seasonal part modeling,

Provide cross information for decoder

,_ = SeriesDecomp (AutoCorrelation(Xé; ST 1)

= SeresDocom (edRorwa(5) + 55
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Decomposition in Architecture: Decoder

Autoformer Encoder ST;TI\; WW
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Auto-Correlation Mechanism

Benefited from the deep decomposition,
the IS highlighted with

Conduct the dependencies discovery and representation aggregation at the series level.

@ PEATEMEES

23



2023 HAITHEERAKRS Y PEAI S

L
»¥ THE GLOBAL ARTIFICIAL INTELLIGENCE TECHNOLOGY CONFERENCE (2023) . g Chinese Association for Arificial Iteligence

Auto-Correlation Mechanism

Period-based dependencies
The same phase position of different periods

A AVAN AN/

Benefited from the deep decomposition,
the IS highlighted with

Conduct the dependencies discovery and representation aggregation at the series level.
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Auto-Correlation Mechanism

Discover period-based dependencies with autocorrelation in stochastic process:

N
T\),)()((T) = Lh_)H;O Z Z XtXt_T.
t=0

Autocorrelation reflects the time delay similarity,

and corresponds to the confidence of period estimation.

' Larger autocorrelation R(t) means

L
e
Time
Déay ‘*’AYN\/KMWJ\\J\ * stronger time delay similarity w.r.t. t
Roll(71) /W\\/'\W”\JW\J\ P more confidence of period length as
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Auto-Correlation Mechanism
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(1) Discover period-based dependencies

(2) Aggregate similar sub-processes from different periods
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Auto-Correlation Mechanism

Concat

| PEATIERERS
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. MMW\/\,A 0

SoftMax

@I _ ~~Conjugate I
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I FFT

o e et Beerc 1‘Tesiw B

|
i
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Top k Time Delay Agg ]]— | @
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| : &
| ’ :

Efficient computation of autocorrelation

with Wiener-Khinchin theorem by FFT

S)(X(f) = .F(Xt>]?* (Xt> = / Xte_izﬂ-tfdt/ Xte—iQ’lrtfdt

o0

Raald)= 5 S = / Sxx(f)e>™7d},

| — 1 p—
[ﬂ(ge@J ( Lingarﬂ ( Lirgar l : wvﬂm\/\/\[\(@k(m)

Discover period-based dependencies

with inherent O(L log L) complexity

27
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Auto-Correlation Mechanism
Aggregate representations from similar sub-processes

MWWAI SoftMax
AN NN R

Concat

2_—

rI
Top k Time Delay Agg ]4—
Inverse FFT
_ ~~Conjugate

BRI} el FFT /KW\/\J/‘\NJ\\JJ\ M @ R(T2)$ -g
I Iesi :
= & e\ [ 1] vl

-, T, = arg Topk (RQ,IC(T)) Select the Top k period lengths
7-6{1,... ,L}

ﬁg’)c(ﬁ), o ,ﬁQ,K(Tk;) = SoftMax (RQ,IC(Tl), s ,RQ’]C(Tk)) Normalization

Align the delayed series,

Aggregate sub-series representations 28
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(a) Full Attention Time (b) Sparse Attention Time
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|
I
O O O O O O O O O Period 1 Period 2

|
|
O

Period N
(@) LogSparse Attention Time (d) Auto-Correlation Time

Auto-Correlation can extend the point-wise aggregation to series-wise.

Informer [Zhou et al. AAAI 2021], Reformer [Kitaev et al. ICLR 2020], Log Trans [Li et al. NeurlPS 2019] 29
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Experiments: Multivariate Setting

Energy

Economics

Traffic

Weather

Disease

Transformers

LSTMSs

TCN

Models
Metric

Autoformer

Informer[41]

LogTrans[20]

Reformer[17]

LSTNet[19]

LSTM[13]

TCNI3]

MSE

MAE

MSE MAE

MSE

MAE

MSE

MAE

MSE MAE

MSE

MAE

MSE

MAE

96
192
336
720

ETT*

0.255
0.281
0.339
0.422

0.339
0.340
0.372
0.419

0.365 0.453
0.533 0.563
1.363 0.887
3.379 1.388

0.768
0.989
1.334
3.048

0.642
0.757
0.872
1.328

0.658
1.078
1.549
2.631

0.619
0.827
0.972
1.242

3.142 1.365
3.154 1.369
3.160 1.369
3.171 1.368

2.041
2.249
2.568
2.720

1.073
1.112
1.238
1.287

3.041
3.072
3.105
3.135

1.330
1.339
1.348
1.354

96
192
336
720

0.201
0.222
0.231
0.254

0.317
0.334
0.338
0.361

0.274 0.368
0.296 0.386
0.300 0.394
0.373 0.439

0.258
0.266
0.280
0.283

0.357
0.368
0.380
0.376

0.312
0.348
0.350
0.340

0.402
0.433
0.433
0.420

0.680 0.645
0.725 0.676
0.828 0.727
0.957 0.811

0.375
0.442
0.439
0.980

0.437
0.473
0.473
0.814

0.985
0.996
1.000
1.438

0.813
0.821
0.824
0.784

96
192
336
720

Exchange | Electricity

0.197
0.300
0.509
1.447

0.323
0.369
0.524
0.941

0.847 0.752
1.204 0.895
1.672 1.036
2478 1.310

0.968
1.040
1.659
1.941

0.812
0.851
1.081
1.127

1.065
1.188
1.357
1.510

0.829
0.906
0.976
1.016

1.551 1.058
1.477 1.028
1.507 1.031
2.285 1.243

1.453
1.846
2.136
2.984

1.049
1.179
1.231
1.427

3.004
3.048
3.113
3.150

1.432
1.444
1.459
1.458

96
192
336
720

Traffic

0.613
0.616
0.622
0.660

0.388
0.382
0.337
0.408

0.719 0.391
0.696 0.379
0.777 0.420
0.864 0.472

0.684
0.685
0.733
0.717

0.384
0.390
0.408
0.396

0.732
0.733
0.742
0.755

0.423
0.420
0.420
0.423

1.107 0.685
1.157 0.706
1.216 0.730
1.481 0.805

0.843
0.847
0.853
1.500

0.453
0.453
0.455
0.805

1.438
1.463
1.479
1.499

0.784
0.794
0.799
0.804

96
192
336
720

Weather

0.266
0.307
0.359
0.419

0.336
0.367
0.395
0.428

0.300 0.384
0.598 0.544
0.578 0.523
1.059 0.741

0.458
0.658
0.797
0.869

0.490
0.589
0.652
0.675

0.689
0.752
0.639
1.130

0.596
0.638
0.596
0.792

0.594 0.587
0.560 0.565
0.597 0.587
0.618 0.599

0.369
0.416
0.455
0.535

0.406
0.435
0.454
0.520

0.615
0.629
0.639
0.639

0.589
0.600
0.608
0.610

24
36
48
60

ILI

3.483
3.103
2.669
2.770

1.287
1.148
1.085
1.125

5.764 1.677
4.755 1.467
4.763 1.469
5.264 1.564

4.480
4.799
4.800
5.278

1.444
1.467
1.468
1.560

4.400
4.783
4.832
4.882

1.382
1.448
1.465
1.483

6.026 1.770
5.340 1.668
6.080 1.787
5.548 1.720

5.914
6.631
6.736
6.870

1.734
1.845
1.857
1.879

6.624
6.858
6.968
7.127

1.830
1.879
1.892
1.918

ETT

means the E

‘'m2. See supplementary materials for the full benchmark of ETTh1, ETTh2, ETTml.

@ PEATEMEES

Prediction Accuracy

Relative Promotion (In MSE)

T74%
Input-96-predict-336

T18%
Input-96-predict-336

T61%
Input-96-predict-336

T15%
Input-96-predict-336

T21%
Input-96-predict-336

T 43%
Input-24-predict-48

30
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Experiments: Univariate Setting

Modelq Autoformer|N-BEATS[23] Informer[41] LogTrans[20] Reformer[17] DeepAR[28] Prophet[33] ARIMA[1]

Metricf MSE MAE|MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

96 [0.065 0.189]0.082 0.219 0.088 0.225 0.082 0.217 0.131 0.288 0.099 0.237 0.287 0.456 0.211 0.362
192}/0.118 0.256{0.120 0.268 0.132 0.283 0.133 0.284 0.186 0.354 0.154 0.310 0.312 0.483 0.261 0.406
336((0.154 0.305{0.226 0.370 0.180 0.336 0.201 0.361 0.220 0.381 0.277 0.428 0.331 0.474 0.317 0.448
720}/0.182 0.335{0.188 0.338 0.300 0.435 0.268 0.407 0.267 0.430 0.332 0.468 0.534 0.593 0.366 0.487

96 |[0.241 0.387]0.156 0.299 0.591 0.615 0.279 0.441 1.327 0.944 0.417 0.515 0.828 0.762 0.112 0.245
192}/0.273 0.403]0.669 0.665 1.183 0.912 1.950 1.048 1.258 0.924 0.813 0.735 0.909 0.974 0.304 0.404
336/0.508 0.539]0.611 0.605 1.367 0.984 2.438 1.262 2.179 1.296 1.331 0.962 1.304 0.988 0.736 0.598
720110.991 0.768|1.111 0.860 1.872 1.072 2.010 1.247 1.280 0.953 1.894 1.181 3.238 1.566 1.871 0.935

l

Competitive baseline
N-BEATS

ETT

Exchange
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Showcases
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(2) Exchange dataset with input-96-predict-192 (Economics, without obvious periodicity)

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnn
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Learned Dependencies

T —Time Series b — Time Series Tr — Time Series
---Time Delay T % Query % Query
0.5 ' ' 0.5 Attention 0.5 Attention
0r of ] ot ]
* \ *
g S g
=-0.5 =-0.5 1 =-05 1
S < <
> > >
At At At
1.5¢ 1.5¢f 1.5+
Ll o ‘ Vo 3 Ll ‘ ‘ ‘ ‘ ne ‘ ‘ ‘ ‘
0 20 40 _ 60 80 100 0 20 40_ 60 80 100 0 20 40 60 80
Time Time Time

(a) Auto-Correlation

(b) Full Attention

(c) LSH Attention

@ PEATEMEES

— Time Series
* Query
Attention

0 20 20 60 30

] 100
Time

(d) ProbSparse Attention

Figure 5: Visualization of learned dependencies. For clearness, we select the top-6 time delay sizes

’7'17...

similar points with respect to the last time step (red stars) are also marked by

, T¢ of Auto-Correlation and mark them in raw series (red lines). For self-attentions, top-6

points.

Auto-Correlation can discover the relevant information more

Transformers [Vaswani et al. NeurlPS 2017], Informer [Zhou et al. AAAI 2021], Reformer [Kitaev et al. ICLR 2020]

sufficiently and precisely.
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(c) Traffic (Hourly Recorded)
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_al
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(d) Weather (10min Recorded)

Figure 6: Statistics of learned lags. For each time series in the test set, we count the top 10 lags
learned by decoder for the input-96-predict-336 task. Figure (a)-(d) are the density histograms.

Learned lags can reflect the

human-interpretable prediction.
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Efficiency Analysis

15[ . 50
—— Auto-Correlation From Autoformer O L - :
—— Full Attention From Transformer 40 | Auto-Correlation From Autoformer
. —— LSH Attention From Reformer —— Full Attention From Transformer
[ala) ProbSparse Attention From Informer —— LSH Attention from Reformer
O 101 1 R 300 ProbSparse Attention Ffrom Informer |
= £
S )
£ £ 20
V 5 4 —
— Auto-Correlation ) L Auto-Correlation
0 192 384 768 1536 3072 512 1024 2048 4096 8192
Output Length Output Length
a) Memor iciency Analysis unning Time Efficiency Analysis
(@Q M y Eff y Analy (b) R g Time Eff y Analy

Figure 6: Efficiency Analysis. For memory, we replace Auto-Correlation with self-attention family in
Autoformer and record the memory with input 96. For running time, we run the Auto-Correlation or
self-attentions 10> times to get the execution time per step. The output length increases exponentially.

Auto-Correlation presents remarkable O(L log L) complexity

iIn both memory and computation.
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Summary
Motivation
Intricate

@ PEATEMEES

Autoformer

Decomposition architecture

lassic method
Temporal ¢ |:> to ravel out the entangled
Patterns of time series analysis temporal patterns
Deal with Series-wise Auto-Correlation
_ Stochastic process theory |:> _ _
Long Series with O(L log L) complexity

Autoformer achieves the remarkable state-of-the-art on
extensive benchmarks.
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Open Source

RECEECENCEE SN BN BN BN SN BN |

) wuhaixu2016 Merge pull request #134 from elisim/patch-2

data_provider
exp

layers

models

pic

scripts

utils

.gitignore
Dockerfile
LICENSE

Makefile

Update data_factory.py

Update exp_main.py

adding the length of the output signal to irfft

Update Reformer.py

init code

updated scripts for all experiments using the ETTm1 and ETTm2 data...
Update metrics.py

Initial commit

add docker, make and conda env

Initial commit

add docker, make and conda env

e6371e2 onMar 6 XY 75 commits

6 months ago
4 months ago
3 months ago
last year

2 years ago

4 months ago
6 months ago
2 years ago

2 years ago

2 years ago

2 years ago

https://github.com/thuml/Autoformer

@ PEATEMEES

Chinese Association for Artificial Intelligence

About Code release for "Autoformer:
Decomposition Transformers with Auto-
Correlation for Long-Term Series
Forecasting" (NeurlPS 2021),
https://arxiv.org/abs/2106.13008

deep-learning time-series

Readme

MIT license

1.1k stars

14 watching

< O 2| B

285 forks

Report repository

Releases

No releases published

Well-organized code and pre-processed dataset 37
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Corrformer

»
-

nature machine intelligence

Article https://doi.org/10.1038/s42256-023-00667-9

Interpretable weather forecasting for
worldwide stations with aunified deep model

Received: 3 July 2022 Haixu Wu, Hang Zhou, Mingsheng Long ® ' & Jianmin Wang ®

Accepted: 26 April 2023

https://www.nature.com/articles/s42256-023-00667-9
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Weather Forecasting for Worldwide Stations

Real-time collaborative forecasts of tens of thousands automatic weather stations
(Future prediction in 0-24 hours near the ground)

Global weather system Temporal dimension of one single station
Tig i
N\ N\ Future variation
N\ N\ ‘e to predict
&\ ~ \
N\ N\
Spatial dimension of multiple stations
o) . o o o o o o o "
o oodroog>oso | [T9oqdrosd> 900
2 Q ? ) Q ? R
8 o o o o o o o
o o o o o
e/e/e/ e/?e/
Partial observations from stations Spatiotemporal correlations within a limited area
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Corrformer: Model Architecture

* Inheriting Decomposition from Autoformer

« Utilizing Multi-Correlation to capture spacial-temporal correlations

[ ) . :
Forecasting pipeline Embedding Encoding
r-——>"~>""~>"=>"="="="=—=== \T - - - - -"-"""="-"-""-""=""=""=""=""="=""="="=""=""="=""="="="¥"="=""="="="-"="-=-= |
| (I : . — |
Past observations I Spatial 1 | Multi-correlation I
| 1 |
] Temporal 1
L | P - Embed |1 1 Spatial modelling = q e |
I (D I by cross-correlation 3 Fee 811
- | Embed l 5 i 3 forward 3|
| \f'\ I Temporal modelling = R
» Y W i Embed ‘o 1 by auto-correlation > »@— T
I oo W s I t :
e ] I |
| Y—)G T T T - - - - - - - =-======
‘ = T2 e 1
Seasonal g M
initialization i | o =
HERA | Multi- 3 \ Multi- Q o Feed
> . — () > r O =>
| correlation = ( correlation 3 forward
I I © °
s > 2 l
Trend N4 o 1 1 l l
initialization F- | o + > +
s I U U/

- e e e e e e e e e e e e e G G G CE G G G G G G G G G G G G G G G G G G = = - -

Decoding
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Corrformer: Multi-Correlation Mechanism

A Tree-based multiscale structure

Scale 3

___/qcs Y4

Scale1 — —

A5

o/
e 53557

b Auto-correlation on each leaf node for temporal modelling

Calculate auto-correlation values

Station
series

2

€ Cross-correlation on each intermediate node for spatial modelling

Calculate pivot series

AvgPool

> Pivot series

_| —»Series 1

T ™ Series 2

" >Series 3

~

o .
Series N;

Calculate
cross-correlation values

.

Temporal aggregation
based on learned auto-correlations

Aggregate similar
sub-processes

Sort to infer the
propagation direction

———

| Delay 1 |
| I
| Delay 2 |
I
| Delay 3 |
I |
| : |
| I
IDelay N,.JI

lIndex 1 |
| I
[Index 2 |

| : |
| !
lindex N,.JI

Causal aggregation along
the propagation direction

e
Propagation

direction

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

Multi-scale structure
Series-wise auto-
correlation for
temporal modeling
Pivot-based cross-
correlation for spatial
modeling

Log-linear Complexity

O(N?L?) - O(NLloglL)
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Regional Wind Forecasting

Future 6h  Future 12h Future 18h Future 24h

GroundTruth | | : ':‘ ‘  @r,f:
Corrformer *" ,_

Autoformer ; ,—s . /_
ERA5S o =

7S

@ PEATEMEES

Corrformer (Ours)

141
—~ 121 = Ground Truth
(7]
E Prediction
< 101
D
o 8
o
n
- 6] \/\
£
= 4
24
QWA
0 10 20 30 40 50 60 70

Time (hour)

/ Overall 34040 Stations

v/ Training one day on single GPU,

forecast issued in one second

\/ Achieve the SOTA
42



20232 BATHEERAAS Q) vaAzEnys

THE GLOBAL ARTIFICIAL INTELLIGENCE TECHNOLOGY CONFERENCE (2023)

Interpretable Worldwide Forecasting

Propagation direction analysis

Northern Europe Global temperature /

: i Zoom into /
| i Global temperature scale1

6 - b (scale 2 with 7 nodes) /

Northern
Europe

|

|

|

8 Aug 2020 |
06:00:00 ;
|

|

8 Aug 2020
09:00:00

8 Aug 2020
12:00:00

8 Aug 2020
15:00:00

ERAS5 reanalysis data Corrformer-learned directions
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ion for Artificial Intelligence

@ PEATEESS

Service in 2022 Winter Olympics

//)0

REBEE
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PUTR_SBRBSTNF
S5 _SFHISTNF
PR _PREISTNF
S5 M _TIERISTNF
FE™_FV)EEARR
FESR_105BREIER KR
TFE~ R RX10XRSE
FE R _EX10XKSEGMOSRR
SRS FRFRAutoformer
v B & _RES BERBAutoformer
HERE_ SR ENE
HE8E_ SsRHHENE
HESE_ SRKSHEHE
TEYE_ RXHHZTEHE
TEHE EXRNZTEHE
TENE RXKSZTEHE
FE&_BIEHNSEH S
TE™ & _BIERNSEHS
FESR_BIEKRSEHSH
SR RREERSHE
MR _EESEAutoformer
MR R _EE10XFRAutoformer
1372 _53E510K85 MAutoformer
BB R_SHEIhSESTNF
10382 BRI 0K TFIIRMSTNF
KRR BRI 0K RASTNF
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nean
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10Min Averaged Wind Speed (m/s)

10Min Temperature

i)

ERRHSS ERRRIS ERERRS [HE5
KRO6SHE £MISH EHSty EHStE

BWISHE BW2SHE BW4SH EXAEY EREBE DRUAER SPAEE ERERIS ERERS EREESS
o BAER HRO1SH KRO2S8E KRO3SH KRO4SH KRO5SH

woyy & I

Start time:2022-02-15 13:30:00

s 10Min Temperature Prediction
s 10Min Temperature Truth

wees10Min Averaged Wind Speed Prediction
== 10Min Averaged Wind Speed Truth

Real-time forecasting system
based on Autoformer

Indoors: Temperature Outdoors: Wind speed

Provides online forecast service of temperature and
wind speed for the 2022 Beijing Winter Olympics,
assists athletes preparation and schedule planning,
works as a solid support for the competition.

Achieves 10-minute real-time temperature and wind
speed forecast based on meteorological observation,
and achieves 23% lower forecast error than the
mainstream numerical prediction methods.

44



20238 A TEEERAAS Q) rmrTEEe

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

General Time Series Analysis

[Forecasting]

Weather forecasting, Energy/Traffic planning

>
Past Observations Future Time Series
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General Time Series Analysis

|
|
: [Forecasting]
: Weather forecasting, Energy/Traffic planning
|
! >
Past Observations Future Time Series
r p
N ~ R
? |
) § ) [Imputation] p N
' Data mining N
. J \_ _/ -
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General Time Series Analysis [Anomaly Detection]
Industrial Maintenance

Time
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General Time Series Analysis [Anomaly Detection]
Industrial Maintenance

Time

[Classification]

Action recognition, Heartbeat diagnosis

Time 48
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In Pursing Foundation Models

Data

Text I l

M

! J/ Images
e P )
Trainin
Speech% “ ining
" Structured
®  Data
3D Signals é

)

R
[ >
5,

Foundation
Model

Sy
3

Tasks

Question 7
Answering  °

s

& ’ Sentiment

>R , . Analysis
X )

< )
[ >N Information __.
‘gé‘p' Extraction \

Adaptation '

a\% Image

l%gwa. Captioning o
a =
ﬁh ‘ Object
[ > INA ‘ iti
gMV Recognition
& Instruction
>IN Following ..
L N

Bommasani et al. On the Opportunities and Risks of Foundation Models. Arxiv 2021

| PEATIERERS

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

[Data Universal]

Learn from various modalities

[Task Universal]
Adapt to a wide range of

downstream tasks
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Foundation Models in CV and NLP

Universal backbone with

task-specific heads for different tasks.

weight layer

lrelu

weight layer

X

identity

Classification, Object detection, Segmentation

Output
Probabilities

l Linear |

@ PEATEMEES

( )
l Add & Norm |<\
Feed
Forward
e | ™ | Add & Norm |:
el Multi-Head
Feed Attention
Forward YD ) Nx
— ]
Nix Add & Norm
f—>| Add & Norm | e
Multi-Head Multi-Head
Attention Attention
At At 4
\_ J \ —)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Classification, Generation
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TimesNet

TIMESNET: TEMPORAL 2D-VARIATION MODELING
FOR GENERAL TIME SERIES ANALYSIS

Haixu Wu; Tengge Hu; Yong Liu; Hang Zhou, Jianmin Wang, Mingsheng Long™
School of Software, BNRist, Tsinghua University, Beijing 100084, China
{whx20,1liuyong21,htg21,h-zhoul8}@mails.tsinghua.edu.cn

{jimwang, mingsheng}@tsinghua.edu.cn
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TimesNet is for time series analysis
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Analysis is the process of breaking a complex

topic into smaller parts for a better understanding.
« 3 WIKIPEDIA

The Free Encyclopedia
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i Analysis is the process of breaking a complex

| topic into smaller parts for a better understanding.
I .
- WIKIPEDIA

The Free Encyclopedia

1 N~

* Each time point only saves some scalars.
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Temporal Variations of Time Series

@ PEATEMEES

More information of time series is in temporal variations,

Rising
r N
. >

such as continuity, periodicity, trend and etc.

Fluctuation
r "
" v

Falling
. "
" -

95



J[C 20232 AT EEERAAS @ »mizsmss

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Chinese Association for Artificial Intelligence

Multi-periodicity View of Time Series

1o *t Period 3
1o *t Period 2!
Al=t Period 1i |

:

Value

v Traffic: daily and weekly

| v' Weather: daily and yearly

>
Time

Real-world time series usually present multi-periodicity.

Multiple periods overlap and interact with each other.
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v" Intraperiod: adjacent area, short-term variations

v" Interperiod: same phase in adjacent periods, long-term variations

Non-periodic cases, the variations will be dominated by intraperiod-variations.
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TimesNet: Overall Design

Period 3— — — — __ ___ __ __
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a &V \\o'

Period 1 |
Time points at the same s > \Sf’
phase of different periods @~ P // 5/ o "

o
—> Interperiod-variation O/%{ - OS{/
—

Intraperiod-variation

D

(1) Multi-periodicity

A modular architecture to disentangle intricate temporal patterns
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TimesNet: Overall Design

Period3— — — _ ___ ___ __
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— Interperiod-variation O%‘ég 1 OS{/ i i o
—> Intraperiod-variation In representathn Capablllty.

(1) Multi-periodicity

A modular architecture to disentangle intricate temporal patterns
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TimesNet: Overall Design

Interperiod varlatlon
Period 3— — — —— __ __ __
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(1) Multi-periodicity (2) Temporal 2D-variation

Unify intraperiod- and interperiod-variations in 2D space by reshape
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Temporal 2D-Variation: A Case Study

1.5

v Reshape the 1D time series .1

iInto 2D according to periods.

v' Two dimensions represent
interperiod- and intraperiod-

variations respectively.

@ PEATEMEES
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Temporal 2D-Variation: A Case Study

1.5

v' Reshape the 1D time series 1

iInto 2D according to periods.

@ PEATEMEES

Electricity

0 50 100
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v' Two dimensions represent

interperiod- and intraperiod-

variations respectively.
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Temporal 2D-Variation: A Case Study

Capture Temporal 2D-variations
by 2D Kernels

Interperiod-variation

With temporal 2D-variations, we can
v Unify intraperiod- interperiod-variations

v’ Learn representations by 2D kernels
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TimesNet: Overall Design

Value

Interperiod varlatlon
Period 3— — — —— __ __ __

e "1 = T = = —>Period3
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A Period 1 | = ‘{\ . //
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—
: I N ‘Period 2 variation
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phase of different periods O/ . // £
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(1) Multi-periodicity (2) Temporal 2D-variation

Unify intraperiod- and interperiod-variations in 2D
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TimesNet

TimesBlock

—

TimesBlock

—

TimesBlock

TimesNet consists of residual-connected TimesBlocks.

TimesBlock
Parameter-efficient
Inception block
/4
( /1 \N
s / *
Reshape
[ Reshape] Back ]

*
T

B
|

[/
[FFT o PeriodsJ—>‘ Softmax |

|
|

@ PEATEMEES
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TimesBlock

—

TimesBlock

.

TimesBlock

o

TimesBlock

|

@ PEATEMEES
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Parameter-efficient | INMMMWW IW%MWW\MW [Nt A N A
Inception block | ﬁ \ 5N N
| {Xl,l L. Xl,k:}
/A l [ Inception Block ] 2D 7 =ab
‘ /1 \*\ I } ﬁ
— I
Reshape Reshape JJ | 2D Space
Back I - .
4 f : }?} { 2D " s ZD}
i k | 17
[FFT for Periods —>{ Softmanx | | (]
\ ! R WMW
l ' » Time
|

1—
T)CID1

TimesBlock learns representations in 2D space.
(1) 1D - 2D (2) 2D representation learning 3) 2D — 1D
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TimesBlock
é A 4 X'p
! TimesBlock | Adaptive Aggregation Sl Sk
X xh
TimesBlock | / T 1D Space " 4 N Xip b
/ Parameter-efficient 1N\AMMWW\M 1WMWWVV\MW 1M/¢MMWW\M
/ Inception block ﬁ = Lk
Inception Block Xap, - Xap

A .
TimesBlock e JJ
oy
A
7 “

5

Softmax

[FFT for Periods

TimesBlock \

|

(1) 1D-2D
Obtain temporal 2D-variations
67
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1D-variations (univariate case) Frequency 1
o __5 Frequency 2
< /\\\\/\MN\’W\N\M T \d[,j_mﬁequencys | 1. Calculate the spectrum
= <
e frequeney | DY Fast Fourier Transform

J

~ Frequency 1 +—— Reshape Temporal 2D-variations
m
¥

Reshape -+  Reshape

\ R

Frequency 3

I - 5]

Frequency 2

Period 1

Period 2

Period 3

A = Avg (Amp (FFT(XlD))) 68
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Frequency 1

Frequency 2

Frequency 3 - 1. Calculate the spectrum

Amplitude

L

>

frequency DY Fast Fourier Transform

_ Frequency 1 «<———Reshape @ Temporal 2D-variations
=< T
m 2. Choose Topk Frequency
P’

Reshape -+  Reshape

\ R

Frequency 3

ﬂ FRCT — I90

Frequency 2

T

Period 1

Period 2

Period 3

T .
A = Avg (Amp (FFT(XID))), {fi,---,fr} = argTopk (A), p; = {-‘ e {1, k}.
fe€{l, - [51} Ji 69
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1D-variations (univariate case) Frequency 1
o __5 Frequency 2
< /\\\\/\MW\’W\N\M Cye \d[,j_mﬁequencys | 1. Calculate the spectrum
= <
e frequency DY Fast Fourier Transform

NS

_ Frequency 1 «<———Reshape Temporal 2D-variations
m 2. Choose Topk Frequency
r’s

Reshape -+  Reshape

\ ... | 3. For each frequency,
Frequency 3 ’ reshape 1D time series

3 s | into 2D tensor

Frequency 2
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TimesBlock
é 4 Xip
Adaptive Aggregation {Xl’l o )’ilk}
TimesBlock 1D Space pd 4 i~ tb> =D
Parameter-efficient \

Inception block

.

Sl Sk
] {X2D7"' ’XZD}

TimesBlock

2D Space —
é {Xop - Xop }
RN [£]

o

iy

1D Space

TimesBlock

» Time

f
|

|

(2) 2D representation learning

Extract temporal 2D-variations by 2D kernels 21
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[5 *
A TimesBlock l Capture Temporal 2D-variations
TimesBlock | / A ~ by 2D Kernels
arameter-etficient
% // Inception block /E\‘
/ \
( /1 N \ S \
( / * ~\ / \
TimesBlock

|
|

h .S S o

Reshape JJ , ! Loy

Reshope Moo L Y

" N !/ 7
. // )f / I| .ob'
\ (sofm & &
TimesBlock [FFT for PeriodsJ—> Softmax OQ\&
\ T $.\é
S

| Interperiod-variation

5

~

1

v Inception block is shared in all selected periods for parameter efficiency.

v It can be replaced by any vision backbones, bridging time series and CV. .
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TimesBlock
T
! TimesBlock Adaptive Aggregation S
Xbl ..
TimesBlock | / " P A Y~ {Xip
/ Parameter-efficient 1N\AMMWW\M 1WMWWVV\MW 1M/¢MMWW\M
/ Inception block
p ”/// Ingéption Block 2D7 <D

| .
TimesBlock — JJ
Selapars Reshape
\ BGCk
A
I %
TimesBlock \\ [FET for Periods

f
|

2D Space } /
? } é {Xop - Xop }
: Ll ... [£]

1D SpGC WMW

1—
T}CID1

o

» Time

|

3) 2D — 1D

Reshape to 1D space to aggregation 23
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L

TimesBlock

TimesBlock

TimesBlock

|

TimesBlock

[

Parameter-efficient
Inception block

I

7

Reshape

A

[/

[FFT for Periods}—>

f
|

@ PEATEMEES

v" Reshape back to 1D space for k
different representations:

v /,1 v |,k
{X1D7 S 7X1D
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L

TimesBlock

TimesBlock

TimesBlock

|

TimesBlock

Parameter-efficient
Inception block
/4

A

p
Resh
Reshape e;q:fe

A
// :
[FFT for Periods

f

@ PEATEMEES

v" Reshape back to 1D space for k
different representations.

< l,1 >IN
{X1D7 S 7X1D
v' Aggregate k different representations
based on the periods’ amplitudes A:

Al—1 N [—1 [—1
ALl AL —Softmax(Afl o AL )

k
I _ Al—1 v !,
Xip =Y AFt < X
1=1
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TimesBlock
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TimesBlock
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TimesBlock |
Parameter-efficient u
Inception block
/4
l /1 N
X !
Reshape
A
I <

[FFT for Periods}—>

f
|

1D Space
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l
4 Xip
Adaptive Aggregation Sl Sk
* V\ {Xle"' 7X1D}

<

P AV A [N AV A

~ o

2D Space }

|

Inception Block

Sl Sk
] {X2D7"' , Xop

i

!

i

;

;

X Xip
O 17

iy

1D Space TWMW

» Time

1—
T)CID1

TimesBlock learns representations in 2D space.

(1) 1D - 2D (2) 2D representation learning 3) 2D — 1D
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Experiment: Overview

@ PEATEMEES

Tasks Benchmarks
Long-term: ETT (4 subsets), Electricity,
Forecasting Traffic, Weather, Exchange, ILI
Short-term: M4 (6 subsets)
Imputation ETT (4 subsets), Electricity, Weather
Classification UEA (10 subsets)

Anomaly Detection

SMD, MSL, SMAP, SWaT, PSM

v Five mainstream time series analysis tasks.

v 36 datasets, 81 settings, 20+ baselines
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Experiment: Overview

Long-term Forecasting

(MSE)

Classification
(Accuracy)

Shortterm Forecasting

(SMAPE)

11.

== TimesNet (Ours)
e ETSformer (2022)
e LightTS (2022)
e DLinear (2022)
e Stationary (2022)
FEDformer (2022)

Autoformer (2021)

86.00 0.05
Anomaly Detection Imputation

(F1-Score) (MSE)

Informer (2021)

Reformer (2020)

TimesNet achieves state-of-the-art in all five tasks!
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Experiment: Model Generality

Anomaly Detection

87.0 -
ConvNext
2.196MB, 39.2ms ResNext Better vision backbones,
86.5 1 0.103MB, 103.9ms 7
Y
o Better performance
o
v>8 86.0 N 0.052MB, 103.6ms
E 0.067MB, 43.2ms ] ] .
855 m——— i Bridge Time Series and
I ,
. I . . )
Our choice | | vision backbones ¥
85.0 - |0-63MB  0.25MB 1.00MB 4.00MBJ|
®@ResNet /00—
0.024MB, 30.5ms
84.5 : : : : : ! ! !
30 40 50 60 70 80 90 100

Training Time (iter/ms)
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Experiment: Long-term Forecasting

@ PEATEMEES

TimesNet JETSformer
(2022)

Model

LightTS
(2022)

DLinear
(2023)

FEDformer Stationary Autoformer Pyraformer Informer

(2022)

(2022a)

(2021)

(2021a)

(2021)

LogTrans
(2019)

Reformer
(2020)

Metric IMSE MAEIMSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

ETTm]l §0.400 0.406§0.429 0.425

0.4350.437

0.403 0.407

0.448 0.452

0.481 0.456

0.588 0.517

0.691 0.607

0.961 0.734

0.929 0.725

0.799 0.671

ETTm2 §0.291 0.33330.293 0.342

0.409 0.436

0.350 0.401

0.305 0.349

0.306 0.347

0.3270.371

1.498 0.869

1.4100.810

1.535 0.900

1.479 0.915

ETTh1 §0.458 0.45080.542 0.510

0.491 0.479

0.456 0.452

0.440 0.460

0.570 0.537

0.496 0.487

0.8270.703

1.040 0.795

1.072 0.837

1.029 0.805

ETTh2 §0.414 0.427§0.439 0.452

0.602 0.543

0.5590.515

0.4370.449

0.526 0.516

0.450 0.459

0.826 0.703

4.431 1.729

2.686 1.494

6.736 2.191

Electricity§0.192 0.295§0.208 0.323

0.229 0.329

0.212 0.300

0.214 0.327

0.193 0.296

0.227 0.338

0.379 0.445

0.311 0.397

0.272 0.370

0.338 0.422

Traffic §0.620 0.336§0.621 0.396

0.622 0.392

0.625 0.383

0.610 0.376

0.624 0.340

0.628 0.379

0.878 0.469

0.764 0.416

0.705 0.395

0.741 0.422

Weather §0.259 0.287§0.271 0.334

0.261 0.312

0.265 0.317

0.309 0.360

0.288 0.314

0.338 0.382

0.946 0.717

0.634 0.548

0.696 0.602

0.803 0.656

Exchange§0.416 0.443§0.410 0.427

0.385 0.447

0.354 0.414

0.519 0.500

0.461 0.454

0.613 0.539

1.913 1.159

1.5500.998

1.402 0.968

1.280 0.932

ILI §2.1390.931§2.497 1.004

7.382 2.003

2.616 1.090

2.847 1.144

2.077 0.914

3.006 1.161

7.635 2.050

5.137 1.544

4.839 1.485

4.724 1.445

TimesNet surpasses advanced Transformer-based and MLP-based models.
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Experiment: Long-term Forecasting

TimesNet

0.25 1

0.00 1

—0.25 1

—0.50 A

—0.75 A

Prediction

m GroundTruth

100

200

DlLinear

300

400

0.25 1

0.00 1

—0.25 A

—0.50 A

—0.75 4

Prediction

m GroundTruth

100

200

300

400

Stationary

0.25 1

0.00 1

—0.25 1

—0.50 A

—0.75 A

Prediction

mm GroundTruth

100

200

LightTS

300

400

0.75 1

0.50 1

0.25 1

0.00 1

—0.25 A

—0.50 A

—0.75 4

Prediction

m— GroundTruth

100

200

300

400

Autoformer

@ PEATEMEES

0.75 1

0.50 1

0.25 1

0.00 1

—0.25 1

—0.50 A

—0.75 A

Prediction

= GroundTruth

100

200

300

FEDformer

400

0.00 1

—0.25 A

—0.50 A

—0.75 4

Prediction

m GroundTruth

100

200

300

400

81



20238 A TEEERAAS Q) rmrTEEe

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Experiment: Short-term Forecasting

v' More complex temporal patterns: M4 dataset is composed of yearly, monthly,

weekly, dalily, hourly and quarterly collected univariate marketing data.
v TimesNet surpasses N-HiTs and N-BEATS.

v' Simple Linear methods degenerate a lot.

TimesNet N-HiTS N-BEATS ETSformer LightTS DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer
(Ours) §(2022) (2019)  (2022) (2022) (2023) (2022) (2022a) (2021) (2021a) (2021) (2019) (2020)

Models

SMAPER 11.829 §11.927 11.851 14718 13.525 13.639 12.840 12.780 12.909 16.987 14.086 16.018 18.200
MASE 1.585 |J1.613 1.599 2.408 2111 2.095 1.701 1.756 1.771 3.265 2718  3.010 4.223
OWA 0.851 §0.861  0.855 1.172 1.051 1.051 0.918 0.930 0.939 1.480 1.230 1.378 1.775
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Experiment: Short-term Forecasting

TimesNet
9000 4 —
Prediction
=== GroundTruth
8500 A
8000 A
7500
7000 A
0 10 20 30 40 50
Dlinear
9000 4 —
Prediction
m GroundTruth
8500
8000
7500
7000 A
0 10 20 30 40 50

N-HiTS
9000 A —
Prediction
=== GroundTruth
8500 1
8000 1
7500 1
7000 1
0 10 20 30 40 50
Autoformer
9000 A —
Prediction
m— GroundTruth
8500 1
8000 1
7500 1
7000 1
0 10 20 30 40 50

@ PEATEMEES

N-BEATS
9000 A —
Prediction
== GroundTruth
8500 1
8000 A
7500 1
7000 1
0 1I0 2I0 3I0 4IO 5I0
FEDformer
9000 A —
Prediction
= GroundTruth
8500 A
8000 A
7500 1
7000
0 1IU QIO 3I0 4I(J 5IO 83
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Experiment: Imputation

v Averaged from 4 different mask ratios: 12.5%, 25%, 37.5%, 50%

v Requires the model to handle irregular inputs.

@ PEATEMEES

v Non-stationary Transformer performs well but MLP-based models fail in this task.

Models

TimesNet
(Ours)

ETSformer
(2022)

LightTS
(2022)

DLinear FEDformer Stationary Autoformer Pyraformer Informer

(2023)

(2022)

(2022a)

(2021)

(2021a)

(2021)

LogTrans
(2019)

Reformer
(2020)

Mask Ratio MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

ETTml

0.027 0.107

0.120 0.253

0.104 0.218

0.093 0.206

0.062 0.177

0.036 0.126

0.051 0.150

0.7170.570

0.071 0.188

0.050 0.154

0.0550.166

ETTm2

0.022 0.088

0.208 0.327

0.046 0.151

0.096 0.208

0.101 0.215

0.026 0.099

0.029 0.105

0.465 0.508

0.156 0.292

0.1190.246

0.1570.280

ETThl1

0.078 0.187

0.202 0.329

0.284 0.373

0.201 0.306

0.117 0.246

0.094 0.201

0.1030.214

0.8420.682

0.161 0.279

0.2190.332

0.1220.245

ETTh2

0.049 0.146

0.3670.436

0.119 0.250

0.142 0.259

0.163 0.279

0.0530.152

0.0550.156

1.0790.792

0.3370.452

0.1860.318

0.234 0.352

Electricity

0.092 0.210

0.214 0.339

0.131 0.262

0.1320.260

0.1300.259

0.1000.218

0.101 0.225

0.2970.382

0.2220.328

0.1750.303

0.2000.313

Weather

0.030 0.054

0.076 0.171

0.0550.117

0.0520.110

0.099 0.203

0.032 0.059

0.031 0.057

0.1520.235

0.0450.104

0.039 0.076

0.038 0.087
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Experiment: Imputation

TimesNet Stationary Autoformer

Prediction Prediction Prediction
= GroundTruth . = GroundTruth . = GroundTruth

DLinear LightTS FEDformer

Prediction Prediction Prediction
—04 = GroundTruth . = GroundTruth = GroundTruth
—0.4 A
|
—0.6 1
—0.8 1
—1.0 1
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Experiment: Classification

A B Classical Methods

| RNN-Based

72.5 718
0

66.0
‘ 48.6

- TCN-Based

Transformer-Based

71.9 72.1
71.5

70.8 71.1

Average Accuracy (%)

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

B MLP-Based
- Ours

72.7 73.0
70.7 71.0

70.4

67.5

S et e )
9'\\»‘ *O%oo %o&e \5\“\\5\V\e \5‘5\ '\CV\ X @™ Qe o Q\“O' Po\o's\o\\o“ Q@O' Q:\S' Q\OsIl 0\:\(\e

of \\(\5

(4
RO e

<

v" TimesNet still achieves the best performance.

v Transformer-based models generally outperform MLP-based models
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Experiment: Anomaly Detection

v Adopt the reconstruction error as the anomaly criterion.

v’ Better 2D backbones bring better performances.

v Transformer-based models performs well.

@ PEATEMEES

TimesNet TimesNet | ETS. FED. LightTS DLinear Stationary Auto.

Pyra.

Anomaly*

In.

Re.

LogTrans Trans.

Models
(ResNeXt) (Inception)](2022) (2022) (2022) (2023) (2022a) (2021) (2021a) (2021) (2021) (2020) (2019) (2017)
SMD 83.13 [85.08 | 82.53 | 77.10 84.72 |[85.11 | 83.04 85.49 81.65(75.32| 76.21 |79.56
MSL 85.03 [78.57| 7895 | 84.88 77.50 |79.05| 84.86 83.31 84.06 | 84.40| 79.57 |78.68
SMAP 69.50]70.76 | 69.21 | 69.26 71.09 |71.12| 71.09 71.18 69.92 (7040 69.97 |69.70
SWaT 84.91193.19( 93.33 | 87.52 79.88 192.74 | 91.78 83.10 81.43 (82.80| 80.52 |8&80.37
PSM 91.76 | 97.23 | 97.15 | 93.55 97.29 19329 | 82.08 79.40 77.1073.61 | 76.74 |76.07
Avg F1 82.87(184.97 | 84.23 | 82.46 82.08 84.26 | 82.57 80.50 78.83177.31| 76.60 |76.88
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Representation Analysis

* A Autoformer @ Pyraformer 0.30 A Autoforme @ Pyraformer * H
.0 3 o § L 3 o § L Relation between top-bottom layer
0'9 \*\ ‘ ST:HOH;H\' % Ous ‘ S‘m(;‘i:::;\!n' * ()‘111‘:‘“(l

. 0.25 -1
0.8 . . . .
ol T o " CKA similarity and performance

g 0.6 + g r=00-" e
05 0.15 <
r = _0.83 \\\\ ,/’, - -
0.4 T, v Why TimesNet achieves SOTA?
‘A > 0.10 *
0.3 *
0 ] - oos Benefiting from temporal 2D-
0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 0.6 0.7 0.8 0.9 1.0 1.1
CKA Similarity CKA Similarity

(a) Forecasting (Weather input-26-predict-336) (b) Imputation (Electricity Mask 37.5%) Varlatlons |t can Iearn proper
y

¢ A Autoformer ® e Reformer A Autoformer ® %
87 « FEDormer @ Pyraformer ¢ Sstationary 86 : IF]-iDm-mor g mer * //
P Informer @® Tasormer v Ows | 86 P Informer y - . .
sl $ i @ i S, representations for different tasks.
e 84

85 < >
> Tl - o 82 »
3 a4 PN 5 A= 0.92
S o3 . % 80 o
< + N A w

82 ° \\\\ 78 ///

> P
81 « O~ 7e* .
0.76 0.78 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.86 0.88 090 0.92 094 0.96 0.98 1.00
CKA Similarity CKA Similarity
(c) Classification (PEMS-SF) (d) Anomaly Detection (SMD)
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Representation Analysis

* A Autoformer @ Pyraformer 0.30 A Autoforme @ Pyraformer * H
.0 3 o § L 3 o § L Relation between top-bottom layer
0'9 \*\ ‘ ST:HOH;H\' % Ous ‘ S‘m(;‘i:::;\!n' * ()‘111‘:‘“(l

. 0.25 -1
0.8 . . .
ol T o " CKA similarity and performance

Bos " 3 r=065"o
05 0.15 <
r = _0.83 \\\\ ,/’, - - - -
04 e v What is the design principle?
& < 0.10| S -
0.3 sk
02 ] oost” - Classification & imputation need
0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 0.6 0.7 0.8 0.9 1.0 1.1
CKA Similarity CKA Similarity

(a) Forecasting (Weather input-26-predict-336) (b) Imputation (Electricity Mask 37.5%) hlerarChlcal represeﬂtatlons

¢ A Autoformer ® e Reformer A Autoformer ® %
87 <« FEDformer @ Pyraformer ¢ Sstationary <« FEDformer o+ ‘mer g
P Informer @ Transformer % Ous 86| P mmformer 0 ! * /,/’ . "
o4, $ o & «+, | - Anomaly detection & Forecasting
e 84

385 oy > .
> s S o e . expect low-level representations.
o ® S <1 =0.92
% . % 80 o
<8 + N A w e

82 ® 8

- > -
81 « O~ 7e* .

0.76 0.78 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.86 0.88 0.90 0.92 094 096 0.98 1.00
CKA Similarity CKA Similarity

(c) Classification (PEMS-SF) (d) Anomaly Detection (SMD)
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Performance Ranking

v’ After comparing with more than 20+ baselines, we get:

Model Long-term Short-term ) Anomaly e
. . . Imputation . Classification
Ranking Forecasting Forecasting Detection
& st TimesNet TimesNet TimesNet TimesNet TimesNet
% , Non-stationary =~ Non-stationary = Non-stationary
o 2nd DLinear FEDformer
Transformer Transformer Transformer

Non-stationary
é 3rd FEDformer Autoformer Informer Autoformer
Transformer

Until 2023.06 (Keep updating)
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Efficiency Comparison

@ PEATEMEES

Models Parameter GPU Memory Running Time Ranking
Series Length (MB) (MiB) (s / iter) Five tasks Avg Ranking
384 0.067 1245 0.024
TimesNet 768 0.067 1585 0.040
(ours) 1536 | 0.067 2491 0.045 (L1 11 1O
3072 0.067 2353 0.073
384 1.884 2321 0.046
Non-stationary | 768 1.910 4927 0.118
Transformer | 1536 |  1.961 / / (3,2,2,2,8) 3.4
3072 / / /
384 1.848 2101 0.070
768 1.848 3209 0.071
Autoformer 1536 1,848 5395 0.129 (7,4,3,5,3) 4.4
3072 1.848 10043 0.255
384 2.901 5977 0.807
768 2.901 7111 1.055
FEDformer | 53¢ | 5901 9173 1.482 (4,3,6,9,2) 4.8
3072 2.901 / /
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) wuhaixu2016 Update MICN_ETTh2.sh

data_provider
exp

layers

models

pic

scripts

utils

.gitignore
LICENSE
README.md

requirements.txt

run.py

clean

Improve annotations

fix the model of PatchTST
Improve annotations
update dataset discription
Update MICN_ETTh2.sh
Improve annotations
Improve annotations

init

Update README.md
clean

Fix some errors

5e2e887 2 weeks ago

82 commits

3 months ago
2 months ago
3 months ago
2 months ago
4 months ago
2 weeks ago
2 months ago
2 months ago
4 months ago
last month

3 months ago

3 months ago

@ PEATEMEES

Chinese Association for Artificial Intelligence

A Library for Advanced Deep Time
Series Models.

deep-learning time-series

Readme

MIT license

918 stars

14 watching

< O | B

205 forks

Report repository

Releases

No releases published

Packages

No packages published

Code is available at https://github.com/thuml/Time-Series-Library 92
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