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n SET CIIIH o Multivariate Time Series Data

B Multivariate Time Series (MTS)

i Multivariate time series data is ubiquitous in many systems.

B [t contains time series from multiple interlinked variables.

B Each variable generates a time series.

et Time Series Plot of the "EuStockMarkets' Time-Series
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n ETd Gl [« Multivariate Time Seriessbata

B Spatial-Temporal Graph Data

B Temporal: Complex temporal patterns, e.g., multiple periodicities.
J Spatial: Underlying interdependencies between variables, which 1s non-Euclidean and 1s reasonably modeled

by the graph structure.
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n e T ] Related Works

B Spatial-Temporal Graph Neural Networks (STGNNSs)

B Combine graph neural networks (spatial) and sequential models (temporal).

B Learning the Graph Structure

B The handcrafted dependency graph between time series is often biased and incorrect, even missing in many cases.
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n Background B\{eif\E el

B Existing STGNNSs can not scale to very long-term history

I'he computational complexity increases linearly or quadratically with the length and number of the input TS.

I'he optimization of the model can also become problematic as the length of the input sequence increases.

B Long-term historical time series are crucial

Beneficial for distinguishing short-term time series in different contexts.

Beneficial for resisting noise, facilitating learning robust and accurate dependency graph.
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n Background N&El LT[ l

B Challenges

B How to learn from very long-term (e.g., weeks) historical time series to enhance STGNNSs?

B STEP Framework

B Instead of directly extending STGNNs to very long-term historical time series,
J we propose a novel framework, in which STGNN is Enhanced by a scalable time series Pre-training model

(STEP).
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STEP Overall Framework

B STEP Framework
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B Key Design Motivations

B Time series information density is lower.

B Isolated data points in time series give less semantic information
B Masked values 1n time series can often be trivially predicted by simple interpolation, making the pre-training model only focuses

on low-level information.

B Time series require longer sequences to learn the temporal patterns.
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STEP Pre-training Stage

B Key Design Motivations

B Time series information density 1s lower.

B Time series require longer sequences to learn the temporal patterns.

B Model: TSFormer
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STEP Overall Framework

B STEP Framework
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E STEP Forecasting Stage

B Enhancing the STGNNs

B Graph structure learning.
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E STEP Forecasting Stage

B Enhancing the STGNNs
B Downstream STGNNS.

i ~
I Spatial-Temporal 2 Y/ \
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[1] Zonghan Wu, Shirui Pan, Guodong Long, Jing Jiang, and Chengqgi Zhang. 2019. Graph WaveNet for Deep Spatial-Temporal Graph Modeling. In IJCAI.
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B L nECE Experimental Setup

B Baselines B Metrics
B HA B ASTGNN B MAE
B VAR B STSGCN B RMSE
B SVR B GMAN B MAPE
B FC-LSTM B MTGNN
B DCRNN B GTS B Hardware
B Graph WaveNet B NVIDIA RTX3090
B Datasets
Table 1: Statistics of datasets.
Dataset | # Samples | # Node | Sample Rate | Time Span
METR-LA 34727 207 5mins 4 months
PEMS-BAY 52116 325 5mins 6 months
PEMS04 16969 307 5mins 2 months




B Experiments 2\ ETHa =R

Table 2: Multivariate time series forecasting on the METR-LA, PEMS-BAY, and PEMS04 datasets. Numbers marked with *
indicate that the improvement is statistically significant compared with the best baseline (t-test with p-value< 0.05).

Datasets Methods Horizon 3 Horizon 6 Horizon 12

MAE RMSE  MAPE | MAE RMSE  MAPE | MAE RMSE  MAPE

HA 479 1000  11.70% | 547 1145  13.50% | 6.99 1389  17.54%

VAR 442 780  13.00% | 541 913  1270% | 652 1011  15.80%

SVR 339 845 930% | 505 1087  12.10% | 672 1376  16.70%

FC-LSTM 344 630 9.60% | 3.77 723  10.09% | 437 869  14.00%

DCRNN 2.77  5.38 730% | 315 645 8.80% | 3.60  7.60  10.50%

STGCN 2.88  5.74 7.62% | 347  7.24 9.57% | 459 940  12.70%

METR.LA Oraph WaveNet 269 515 6.90% | 3.07  6.22 837% | 353 737  10.01%

ASTGCN 486  9.27 9.21% | 543 1061  10.13% | 6.51 1252  11.64%

STSGCN 331 7.2 8.06% | 413 977  10.29% | 506 1166  12.91%

GMAN 2.80 555 741% | 312 649 8.73% | 344 735  10.07%

MTGNN 269 518 6.88% | 3.05  6.17 8.19% | 349  7.23 9.87%

GTS 267 527 721% | 3.04 625 8.41% | 346 731 9.98%

STEP 2.61° 498"  6.60%* | 2.96° 5.97°  7.96% | 3.37° 6.99° 9.61%"

HA 1.89 430 416% | 250  5.82 5.62% | 331  7.54 7.65%

VAR 174 3.16 360% | 232 425 5.00% | 293  5.44 6.50%

SVR 185  3.59 3.80% | 248  5.18 550% | 3.28  7.08 8.00%

FC-LSTM 205 419 480% | 220 455 520% | 237 496 5.70%

DCRNN 138 295 290% | 174  3.97 3.90% | 207 474 4.90%

STGCN 136 2.96 290% | 181 427 4.17% | 249  5.69 5.79%

PEMS.BAy Oraph WaveNet 130 274 2.73% | 163  3.70 3.67% | 195 452 4.63%

ASTGCN 152 313 3.22% | 201 427 448% | 2.61 542 6.00%

STSGCN 144 301 3.04% | 183 418 4.17% | 226 521 5.40%

GMAN 134 291 2.86% | 163  3.76 3.68% | 186  4.32 4.37%

MTGNN 132 279 277% | 165  3.74 3.69% | 1.94 449 4.53%

GTS 134 2.83 2.82% | 166  3.78 3.77% | 195 443 4.58%
OO OO - VO SOOI, 0 O OO O -2 AR S

HA 2892 4269  20.31% | 3373 4937  24.01% | 4697 6743  35.11%

VAR 21.94 3430  16.42% | 2372 3658  18.02% | 2676 4028  20.94%

SVR 2252 3530  14.71% | 27.63 4223  18.29% | 37.86 56.01  26.72%

FC-LSTM 2142 3337  1532% | 2583 3910  20.35% | 3641 5073  29.92%

DCRNN 2034 3194  13.65% | 2321 3615  15.70% | 29.24 4481  20.09%

STGCN 1935 3076 12.81% | 21.85 3443  14.13% | 2697 4111  16.84%

PEMSoq4  Oraph WaveNet 1815 2924 1227% | 1912 3062  13.28% | 2069 3302  14.11%

ASTGCN 20.15 3143 14.03% | 2209 3434  1547% | 2603  40.02  19.17%

STSGCN 1941 3069  12.82% | 21.83 3433  14.54% | 2627 4011  14.71%

GMAN 18.28 2932  1235% | 1875  30.77  12.96% | 19.95 3021  12.97%

MTGNN 1822 30.13  1247% | 1927 3221  13.09% | 2093 3449  14.02%

GTS 18.97  29.83  13.06% | 1929  30.85  13.92% | 21.04 3481  14.94%

-------

STEP 17.34* 28.44* 11.57%" | 18.12* 29.81" 12.00%" | 19.27* 3133 12.78%"

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
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B SN EHICR Inspecting the TSFormer

r— | | | | | | | | ‘
600 _ Masked
I : e — Prediction !
I [ 500 ” s00ll—— Unmasked ::
I | 1
o [J [ \ ; ; °
I Temporal periodicity _ * 2300 £ 300! ( Reconstruction. l
- i
I NN IS I S S S S . J
I I 200/ - 200 !
I I ]
: 100 100 —H
I !
R | % 200 400 600 800 1000 1200 20 100 200 300 400 500 600
0.8
0.6
r — — — — — — — — — — — — -0_4 r | | | | | | | | | | |
| | e
( Similarity of latent ' , J Similarity of positional
J 0.0 .
| representations among \ embeddings among
| different patches. : ~0.2 | different patches.
I

-0.4




B S CElnEhcl Ablation Study & Hyper-param
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Figure 4: Ablation study and hyper-parameter study.

B Ablation Study

J Graph structure learning module

consistently plays a positive role.

B Scgment-level representation plays a
vital role.

I Long sequence representations of
TSFormer 1s superior in improving
the graph quality.

B STEP is a general framework.

B Hyper-parameter Study

B Best mask ratio: 75%
Bl Best & of ANN graph: 10
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n Conclusion

B Conclusions

B Existing STGNNs can be improved by introducing more information
from very long-term historical time series

B We design an efficient and effective pre-training model for time series,
which generates segment-level representations and can be designed based

on Transformer blocks and masked autoencoding strategy.

B Future Work

M Time series recovery using TSFormer
B Further improve the efficiency and effectiveness of TSFormer

B Provide contextual information more flexible



Thank You!
Q&A

More Materials:
Code of STEP: https://github.com/zezhishao/STEP

Fair comparison of all STGNNSs: https://github.com/zezhishao/BasicTS

23



Appendix

Visualizations

Visualizations
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Figure 7: Reconstruction visualizations.
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Figure 8: Forecasting visualizations.



E Appendix

Speed(s/epoch)

Efficiency & Speed
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Figure 5: Training speed of different masking ratio r.
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Figure 6: Training speed of different methods.



