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Statistical Feature-based Search for Multivariate Time Series Forecasting

PAN Jinwei WANG Yigqiao ZHONG Bo WANG Xiaoling
(School of Computer Science and Technology, East China Normal University, Shanghai 200062, China)

Abstract: There are long-term dependencies, such as trends, seasonality, and periodicity in time series, which
may span several months. It is insufficient to apply existing methods in modeling the long-term dependencies of
the series explicitly. To address this issue, this paper proposes a Statistical Feature-based Search for
multivariate time series Forecasting (SFSF). First, statistical features which include smoothing, variance, and
interval standardization are extracted from multivariate time series to enhance the perception of the time series’
trends and periodicity. Next, statistical features are used to search for similar series in historical sequences. The
current and historical sequence information is then blended using attention mechanisms to produce accurate

prediction results. Experimental results show that the SFSF method outperforms six state-of-the-art methods.
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%= 3 ETTh1BUEEER

24 48 168 336 720
Model MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
TCN 0.763 0.742 0.848 0.948 1.128 1.227 1.383 1.294 1.645 1.783
LSTNet 1.181 1.134 1.177 1.390 1.540 1.568 2.178 1.904 2.593 1.985
LogTrans 0.637 0.612 0.823 0.724 0.952 0.917 1.356 0.988 1.335 1.315
Informer 0.565 0.532 0.675 0.643 0.821 0.747 1.096 0.837 1.184 0.873
TS2Vec 0.576 0.462 0.698 0.654 0.766 0.747 1.068 0.791 1.153 0.917
Autoformer 0.427 0.415 0.437 0.474 0.493 0.531 0.522 0.536 0.548 0.563
SFSF-ED 0.363 0.351 0.376 0.412 0.453 0.524 0.515 0.531 0.553 0.541
% 4 ETTh2HUIRESER

24 48 168 336 720
Model MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
TCN 1.328 0.894 1.357 0.999 1.895 1.509 2.207 1.496 3.498 1.539
LSTNet 1.403 1.461 1.610 1.644 2.260 1.813 2.592 2.628 3.610 3.784
LogTrans 0.865 0.766 1.842 1.031 4.124 1.697 3.901 1.714 3.882 1.594
Informer 0.636 0.628 1.475 1.002 3.509 1.528 2.745 1.372 3.517 1.434
TS2Vec 0.450 0.534 0.625 0.558 1.940 1.093 2.329 1.257 2.690 1.326
Autoformer 0.338 0.366 0.374 0.373 0.481 0.463 0.525 0.472 0.536 0.489
SFSF-ED 0.318 0.322 0.347 0.332 0.378 0.413 0.474 0.572 0.570 0.449
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24 48 168 336 720
Model
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
TCN 0.350 0.419 0.531 0.390 0.661 0.692 1.306 1.307 1.426 1.424
LSTNet 1.973 1.212 2.067 1.218 2.793 1.618 1.295 2.098 1.890 2.920
LogTrans 0.446 0.385 0.554 0.684 0.701 0.820 1.422 1.263 1.679 1.439
Informer 0.319 0.318 0.361 0.454 0.564 0.537 1.345 0.852 3.396 1.323
TS2Vec 0.402 0.437 0.567 0.481 0.556 0.564 0.745 0.675 0.795 0.633
Autoformer 0.377 0.412 0.484 0.446 0.528 0.482 0.619 0.532 0.653 0.617
SFSF-ED 0.335 0.348 0.351 0.314 0.374 0.413 0.513 0.496 0.547 0.506
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MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
TCN 1.271 3.110 3.034 1.323 3.069 1.391 3.120 1.314 3.106 1.405
LSTNet 1.280 3.086 3.175 1.324 3.125 1.374 3.118 1.434 3.212 1.344
LogTrans 0.693 0.497 0.757 0.587 0.980 0.753 1.344 0.898 3.073 1.308
Informer 0.288 0.361 0.362 0.415 0.602 0.558 1.322 0.861 3.375 1.364
TS2Vec 0.260 0.225 0.371 0.279 0.375 0.387 0.569 0.425 0.648 0.436
Autoformer 0.228 0.271 0.243 0.347 0.291 0.369 0.334 0.381 0.447 0.441
SFSF-ED 0.214 0.256 0.234 0.293 0.252 0.319 0.308 0.374 0.371 0.468
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LSTNet 0.384 0.439 1.575 1.065 1.521 1.003 1.513 1.085 2.250 1.234
LogTrans 0.253 0.300 0.967 0.811 1.084 0.890 1.614 1.126 1.920 1.128
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