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Time Series In Real World
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Time Series Analysis

[Forecasting]

Weather forecasting, Energy/Traffic planning

>
Past Observations Future Time Series



Time Series Analysis

[Forecasting]

Weather forecasting, Energy/Traffic planning

>
Past Observations Future Time Series

[Classification]

Action recognition, Heartbeat diagnosis

Time



Pre-training and Fine-tuning in Time Series

Value
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Time

Large-scale time series data Diversified time series analysis tasks

@) Use the model as the carrier of knowledge.

® Leamn transferable temporal representations.



Differences among Image, Language and Time Series in Pre-training
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Temporal Variations Modeling in Time Series

More information of time series is in temporal variations,
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such as continuity, periodicity, trend and etc.
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Different Tasks Need Different Level Representation
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Pre-training Methods in GV and NLP

High 4
dim

Contrastive Learning

Learn discriminative positive or negative
representations.

(MoCo. SimCLR. SimCSE)

Masked Modeling

Reconstruct the masked content based
on the unmasked part.

(Word2vec. MAE. BERT. Roberta)

Low
dim

Less More
uncertainty uncertainty



Canonical Masked Modeling

Difficult to Reconstruct
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v" Direct Reconstruction

Directly masking a portion of time points will seriously ruin the
temporal variations of the original time series.



Multiple Masked Modeling
Benefit Masked Modeling

Multiple Masked Series 0.6
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v Neighborhood Aggregation
Multiple randomly masked series will complement each other.,



Overall design of SmMMTM
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Overall design of SmMMTM
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Multiple masked series complete each other and adaptive aggregate weight.

(1) Series-wise Similarity (2) Point-wise Aggregation



The Reconstruction Process of SmMTM

(1) Masking

{E j=1 — = Mask,.(x;), & = Uil ({Xz} U {f‘Z j]\il

Self-supervised X
Pre-training ? (2) Representation Learning
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SIMMTM @ A Simple Time Series Self-supervised Pre-training
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Experiment: Overall

Tasks Datasets Semantic
ETThI,ETTh2 Electricity
ETTmI1,ETTm2 Electricity
Forecasting Weather Weather
Electricity Electricity
Traffic Transportation
SleepEEG EEG
Epilepsy EEG
Classification FD-B Faulty Detection
Gesture Hand Movement
EMG Muscle Responses

v Two typical time series analysis tasks: Forecasting and Classification.

v" Under multiple experiment settings: In- and Cross domain, Unified and Official

implementation Encoder.

v Compared to 6 advanced baselines in 12 databases.



Experiment: Overall
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SImMMTM outperforms other baselines
significantly in all settings!



Experiment: Forecasting

Models | SimMTM BRandom init. Ti-MAE [21] TST [S6] LaST [42] TF-C|[S7/] CoST [46] TS2Vec [55]

MSE MAE|MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Metric

ETThl 0.431 0.448 |O.423 0.446 0.466 0.462 0.474 0.461 0.637 0.638 0.485 0.472 0.446 0.456

ETTh2 0.395 0.427 |O,380 0.386 0404 0421 (0499 B2 308 01309 01427 0417 0468

0.356 0.387 |O.366 0.391 Models Ti-MAE [21]] TST [56] LaST [42] TF-C[37] CoST [46] TS2Vec [33]

ETTm]1 §|0.348

ETTm?2 |0.263 0.279 0.336|0.267 0.325 Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

0.466 0.456 0.469 0.459 0.443 0.471 0.635 0.634 0.428 0.433 0.517 0.486

Weather §10.230 0.2710.239 0.275|0.234 0.265 ETTh2 — ETThl

0.495 0.469 0.475 0.463 0.426 0.441 0.700 0.702 0.620 0.541 0.484 0.482

Electricityjl 0.162 0.212 0.300]0.205 0.296 ETTml — ETThl

Traffic 0.464 0.456 0.453 0.450 0.503 0.507 1.091 0.814 0.598 0.548 0.616 0.550

0.490 0.316]0.475 0.310 ETTm2 — ETThl

0.343 0.356|O.336 0.346 Weather — ETThl 0.462 0.464 0.465 0.456 - - - - 0.518 0.487 0.463 0.460

Avg

ETThl — ETTml 0.360 0.390 0.373 0.393 0.353 0.390 0.746 0.652 0.370 0.393 0.699 0.557

ETTh2 — ETTml 0.383 0.402 0.391 0.409 0.475 0.489 0.750 0.654 0.363 0.387 0.694 0.557

ETTm2 — ETTml 0.390 0.410 0.382 0.402 0.414 0.464 0.758 0.699 0.385 0.412 0.423 0.420

Weather — ETTm |0.350 0.38390.411 0.423 0.368 0.392 - - - - 0.382 0.403 0.382 0.395

0.429 0.434 0.422 0.428 0.436 0.460 0.780 0.693 0.458 0.451 0.535 0.488

SIMMTM consistently outperforms other pre-training
methods for in- and cross-domain settings.



Experiment: Classification

Models SimMTM JRandom init. Ti-MAE [21]] TST[56] LaST[42] TE-C[57] CoST[46] TS2Vec[55]

Epilepsy — Epilepsy | 94.75 89.83 90.09 80.89  92.11 9396  92.35 92.33

SleepEEG — Epilepsy] 95.49 89.83 73.45 82.89 86.46 94.95 93.66 94.46

SleepEEG — FD-B 69.40 47.36 70.88 65.57 46.67 69.38 54.82 60.74

SleepEEG — Gesture |  80.00 42.19 65.54 75.12 64.17 76.42 73.33 73.33

SleepEEG — EMG 97.56 77.80 63.52 75.89 66.34 81.74 73.17 80.92

Avg 87.44 69.40 72.70 76.07 71.15 83.29 77.47 80.36

SImMMTM surpasses all advanced time series
pre-training baselines.



Model Generality

Dataset | ETThl ETTh2 ETTml ETTm?2
Model | MSE MAE | MSE MAE MSE MAE MSE MAE
Transformer [39] 1.088 0.836 4.103 1.612 0.901 0.704 1.624 0.901 T
+ SImMTM 0.927 0.761 3.498 1.487 0.809 0.663 1.322 0.808
Autoformer [47]] 0.573 0.573 0.550 0.559 0.615 0.528 0.324 0.368
+ SImMTM 0.561 0.568 0.543 0.555 0.553 0.505 0.315 0.360
NS Transformer [24]] 0.570 0.537 0.526 0.516 0.481 0.456 0.306 0.347
+ SImMTM 0.543 0.527 0.493 0.514 0.431 0.455 0.301 0.345
PatchTST 0.417 0.431 0.331 0.379 0.352 0.382 0.258 0.317
+ Sub-series Masking 0.430] 0.445] 0.355] 0.394] 0.341 0.379 0.258 0.318] T
+ SImMTM 0.409 0.428 0.329 0.379 0.348 0.378 0.254 0.313

SImMMTM can consistently improve the forecasting
performance of diverse base models.



Limited Fine-tuning Data Scenarios

1 B~ ~® - Random it. -4 LaST
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We pre-train a model and fine-tune it with
different choices for the remaining

proportions of training data.

v SimMTM achieves significant
performance gains in different

data proportions.



Masking Strategy

We explore the potential relationship between the

75% | 0.440 0.428 masked ratio and the number of masked

g series used for reconstruction.
E; 50% | 0.429 - v Choosing a reasonable balance
= : between the masked ratio and the
2% - 0.430 reconstructed numbers is critical
4 when using SimMTM.

Numbers of Masked Ser'les (M)



Open Source

# main ~ ¥ 1branch © 0tags Go to file Addfile~ [RENEIEM  About @
No description, website, or topics

e dongjiaxiang adjust readme c5eebc9 yesterday YO 23 commits provided.

M SimMTM_Class dl download_datasets.sh yesterday 0 Readme
A Activity

M SimMTM_Forecast first commit 2 days ago
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W figs Add files via upload 2 days ago ® 1watching

[ README.md adjust readme yesterday % 0 forks

= README.md 7

Releases
SimMTM (NeurlPS 2023) Cresto a new lose.

This is the codebase for the paper: SimMTM: A Simple Pre-Training Framework for Masked Time-Series Modeling
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Figure 1. Overview of SImMTM. "
dj Diango Configure

The reconstruction process of SImMTM involves the following four modules: masking, representation learning,
series-wise similarity learning and point-wise reconstruction.

Build and Test a Django Project

Masking @ @ Publish Python Configure
Package
We can easily generate a set of masked series for each sample by randomly masking a portion of time points along Publish a Python Package to PyPI on

X . release.
the temporal dimension.

Representation Learning & SLSA Generic Configure

generator

\d

Afl

Code is available at https://github.com/thum!/SimMTM



https://github.com/thuml/

Thank You!
djx20@mails.tsinghua.edu.cn

KIRKE, REEHRMN



