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Abstract

Time series prediction is widely used in many fields in modern life, and its importance has become increasingly
prominent. Non-stationarity is one of the main issues affecting the accuracy of time series predictions. Due to the
statistical characteristics of time series data changing over time, it is difficult to stably apply the patterns learned from
historical data to future predictions, thus increasing the difficulty and uncertainty of predictions. In order to solve this
problem, a novel framework called StabilizeNet was proposed, which was designed to reduce the non-stationarity of
time series data. The framework consisted of three parts: centralization and scaling transformation, linear
transformation, and reverse transformation. By introducing a learnable normalized linear transformation matrix, it
optimized data information retention and enhanced the model’s ability to capture time series dynamics. Compared

with advanced time series prediction models such as Informer, SCINet, Pyraformer, FEDformer, and Crossformer,
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StabilizeNet demonstrated effectiveness and superiority on multiple datasets. This framework provides a new

preprocessing method for time series prediction, which helps to improve the prediction performance of time series

predictive models.
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R5 StabilizeNet PEZIE IR R BRI RAVEA

T A gE

4 %

ASCOET I T StabilizeNet, &
U1 T e st [0 77 270 39000 1 =l S A e 1]
B ZHER BRI R E M, R
WRAE B e R . — RIS
W Al SZIGIESE T StabilizeNet 18 £ ¥ &
SEANEEAS R [ LB AR . I IE SR I
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AR . SRS, RSO B EE
T A 1) IsF () o 3] T i (4 T — i i
Rigtz, I HABHESIET Transformer
DR F At N ] 0 T A R ) R R . R
KB FE s B3 — 25 ik StabilizeNet 4144,
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A fg, DLURRBE 32 1 I 1] 51 350
Pk o

EETT Informer + Rt + 2 AR +StabilizeNet
g T MSE MAE MSE MAE MSE MAE MSE MAE
PK
24 0.572 0.550 0.433 0.458 0.525 0.533 0.406 0.420
48 0.789 0.658 0.494 0.501 0.587 0.577 0.462 0.463
ETThl 96 1.102 0.891 0.571 0.564 0.755 0.683 0.541 0.533
168 1.132 0.932 0.638 0.582 0.791 0.673 0.625 0.549
720 1.312 1.031 0.701 0.601 0.965 0.793 0.693 0.557
TR RETR A 42.18% 33.38% 26.17% 19.77% 42.67% 36.13%
24 0.336 0.363 0.331 0.367 0.319 0.385 0.275 0.332
48 0.515 0.502 0.46 0.471 0.497 0.496 0.355 0.379
ETTml 96 0.612 0.574 0.584 0.545 0.572 0.521 0.390 0.420
168 0.997 0.772 0.611 0.561 0.801 0.671 0.591 0.508
288 1.292 0.923 0.732 0.702 0.848 0.704 0.712 0.683
TR RERE A 27.56% 15.57% 19.06% 11.39% 38.09% 25.91%
24 0.580 0.595 0.441 0.449 0.521 0.531 0.215 0.305
48 2.316 1.233 0.487 0.479 1512 1.214 0.317 0.354
ETTh2 9 4.363 1.726 0.528 0.501 2.532 1.221 0.437 0.412
168 4.772 1.834 0.551 0.531 2.912 1.482 0.471 0.480
336 4.997 1.987 0.591 0.573 3.212 1.786 0.498 0.496
TR AR T 84.74% 65.65% 37.23% 15.47% 88.62% 72.24%
24 0.283 0.407 0.273 0.385 0.312 0.387 0.241 0.305
I 48 0.312 0.441 0.291 0.412 0.327 0.401 0.287 0.332
9 0.374 0.481 0.351 0.442 0.354 0.412 0.336 0.371
168 0.511 0.547 0.465 0.501 0.398 0.461 0.381 0.427
TR REHE T 6.76% 7.25% 6.01% 11.46% 15.88% 23.51%
AR A U A, DT A A e A OB AT — M . AT H—1
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