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Time Series In Real World
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Pre-training and Fine-tuning in Time Series
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Diverse time series data Downstream time series analysis tasks

(@) Use the model as the carrier of knowledge.

@ Leam transferable temporal representations.



Pre-training Methods in Time Series

Reconstruction loss Contrastive loss
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Reconstruct the masked content based Learn discriminative positive or negative
on the unmasked part. representations.

(TST. PatchTST. SimMTM...) (TS2Vec, TFC, COMET...)



Masked Modeling in Time Series
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Contrastive Leaming in Time Series
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Temporal Correlation Modeling in Time Series
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The most vital information in time series is
preserved in the temporal correlations.



Siamese Masked Modeling

Reconstruction loss EmphaS|S on m0d€|lng tlme SerIeS
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(a) Siamese Pre-training

Overall design of TimeSiam

Lineage Matching
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Overall design of TimeSiam
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Overall design of TimeSiam

(b) Fine-tuning

Fixed-Input-Multiple-Lineages
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Extended-Input-Multiple-Lineages

+ Diverse Lineage Embeddings

(1) Enrich Fixed representation

(2) Enhance Extended Representations
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Experiment: Overall

Table 1. Summary of experiment benchmarks, where TSLD-500M
and TSLD-1G are newly constructed from diverse domains.

TASKS DATASETS DOMAIN EXAMPLES
ETT (4 subsets) Electricity 14.3K
Weather Weather 52.7K
Electricity Electricity 26.3K
Forecasting  Traffic Transportation 17.5K
Exchange Finance 7.6K
TSLD-500M Multiple 412.6K
TSLD-1G Multiple 13.9M
AD EEG 597K
Classification TDBrain EEG 11.9K
PTB ECG 62.4K

v Two typical time series analysis tasks: Forecasting and Classification.
v" Under multiple experiment settings: In- and Cross domain, Single and Multiple
Mixed Datasets.

v Compared to 11 advanced baselines covering 13 standard benchmarks.



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



Experiment: Forecasting and Classification

ENCODER | METHOD ‘ ETTul ETTH2 ETTM1 ETTM2 WEATHER EXCHANGE ECL TRAFFIC METIIOD AD TDBRAIV PTB
| RANDOM INIT. | 0473 0385 0390 0285 0.259 0.367 0.216  0.490 -
CPC (2018) 0.440 0401 0389 0290  0.272 0368 0220 0.504 RANDOM INIT. 80.62 /9.08 84.19
TNC (2021) 0.445 0379  0.386  0.287  0.270 0362 0212 0.501 o A ) )
TS2VEC (2022) 0.456  0.376  0.393  0.280  0.256 0.363  0.199  0.472 CPC (2018) 77.40 85.19 88.30
CoST (2022) 0.457 0374  0.395  0.286 0.253 0.364 0.203  0.480 TNC (2021) 78.58 85.21 90.53
PATCHTST LAST (2022) 0.479 0.385 0.398 0.285 0.252 0.433 0.207 0.520 TS2VEC (2022) 81.26 80.21 85.14
TF-C (2022) 0.453  0.378  0.389  0.281 0.257 0362 0202  0.487 QT (20197
TST (2021) 0.452  0.383 0380 0.288  0.259 0385  0.197  0.486 CoST (2022) 73.87 83.86 88.01
TI-MAE (20238) 0.448 0379 0384  0.279 0.257 0.370 0.196  0.481 LAST (2022) 72.63 85.13 89.22
. 1 e A '3 A . ~ -
PATCHTST (2023) | 0442 0.381 0379 0.285 0.267 0.358  0.200 0.484 TE-C (2022) 75.31 66.62 87.50
SIMMTM (2023) | 0.440  0.382  0.377  0.285 0.256 0361  0.192  0.466 )
TIMES | 0.429 0373 0374 0279 0.252 0353 0.189  0.453 COMET (2023) 84.50 83.47 87.84 PTB
TMESIAM 42 . N N N N . A
TST (2021) 31.50 83.22 84.25
| - _ .
I A . TI-MAE (2023B) 80.70 88.16 88.39 84.19
TS2VEC (2022) 0.474 0379 0411 0290  0.264 0.364  0.246  0.485 . Y - ) ,
COST (2022) 0.472 0386 0411 0294  0.269 0366  0.252  0.529 T‘I_ SIMMTM (2023) 86.19 84.81 90.04 80 23
LAST (2022) 0.465  0.386  0.400 0302 0.262 0.386 0237 0477 =CL p—— _ 3 - 3
ITRANSFORMER | TF-C (2022) 0.450  0.379  0.403  0.292 0.265 0.372 0.222  0.432 16 TIMESIAM 89.9: 90.67 91.32 89.18
TST (2021) 0.447 0376 0399 0.291 0.261 0363  0.228  0.438 IST (2021) 87260 %3 69 85 81
TI-MAE (2023B) | 0.448 0378 0399  0.289  0.257 0366 0217 0430 217  0.528 ,
SIMMTM (2023) | 0.445  0.376__ 0.397 _ 0.286 ___0.259 0.358 _ 0.179 0426 5ig ()543 TI-MAE (2023B) 80.40 85.22 86.67
TIMESIAM | 0.440 0371 0390  0.284  0.256 0.355 0175 0420 | 220 0.514 SIMMTM (2023) 87.74 85.29 85.64
ITIVIOAA L | ST T AW g ) v e UL O V.l U.aJU V.U U.218 0.5 I.S e .
SIMMTM (2023) | 0.429 0380 0375  0.287  0.252 0.365 0213 0.459 TIMESIAM 90.47 86.26 90.45
TIMESIAM | 0.425 0.374 0.371 0.286 0.251 0.360 0.188 0.454

TimeSiam consistently outperforms other pre-training

methods for forecasting and classification tasks.




Experiment: Larger Data and Model Capability

Table 7. Fine-tuning performance of TimeSiam under different pre-
training data and model sizes. Relative improvement over random
initialization (%) 1s marked in green. See Appendix A.3 for details.

PRE-TRAIN TRAFFIC ECL
Random initiation 0.490 0.216
TimeSiam in-domain 0.453 0.189

TimeSiamgpase TSLDsoom 0.462 (+5.7) 0.189 (+12.5)
TimeSiamgase TSLD G 0.454 (+7.4) 0.188 (+12.5)
TimeSiamy ye TSLD 16 0.433 (+11.6) 0.185 (+14.4)

Highlights the efficacy of TimeSiam and the positive correlation
between data-model size and the final performance.



Experiment: Linear Probing

0.357 0.199 = TimeSiam
Exchange ECL

Figure 5. Linear probing on in-domain forecasting setting. Aver-
age results (MSE) are reported. Full results are shown in Table 17.

 Higher quality temporal representations.
 The effectiveness In capturing the essential
characteristics of time series data



Experiment; Extended Input Length for Fine-tuning
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Figure 4. Fine-tuning the pre-trained model to the inputs with extended length {96, 192, 288, 384, 576} based on iTransformer (Liu et al.,
2024). The MSE averaged from all predicted horizons {96, 192, 336, 720} is reported. Additional results are in the Appendix F.

Benefiting from an ingenious integration of Siamese
modeling and lineage embeddings, TimeSiam achieves
more accurate predictions from extended input series.



Experiment: Representation Shows

(b)
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The representations generated based on the same data but with
different lineage embeddings exhibit a high level of diversity
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Experiment: Past-to-Current Reconstruction Shows
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Figure 11. Showcases of TimeSiam in reconstructing time series with different masked ratios from Traffic.




Experiment: Past-to-Current Reconstruction Shows

Context Information
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en Source

23 github.com/thuml|/TimeSiam
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TimeSiam (ICML 2024)

This is the codebase for the paper: TimeSiam: A Pre-Training Framework for Siamese Time-Series Modeling

Architecture

(a) Siamese Pre-training

(b) Fine-tuning
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If you find this repo useful, please cite our paper.

Figure 1. Overview of TimeSiam.
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Contact

We plan to open source the code in the future. If you have any questions or want to use the code, please contact

djx20@mails.tsinghua.edu.cn.
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Code will be open source at https://github.com/thuml|/TimeSiam
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