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ASformer : Transformer with Spectral Bandpass Transform and
Adversarial Attention for Multivariate Time Series Forecasting

YIN Kang, LIU Mengchi, ZHANG Gaiyu
(School of Computer Science , South China Normal University, Guangzhou 510631, China)

Abstract: Transformer model has become the cornerstone of time series prediction, and utilizing self attention mechanisms can effectively
capture long—term dependencies. However, when applying multivariate time series, traditional self attention mechanisms are difficult to distin-
guish key variables, resulting in an overly uniform distribution of attention, masking key temporal and cross variable relationships, and being
easily affected by noise signals in the time series, reducing accuracy. To this end, a novel architecture based on Transformer is proposed,
which includes Spectrum Bandpass Transform (SBT) and Adversarial Dual Branch Attention Mechanism (ADB). Firstly, the SBT module us-
es real valued fast Fourier transform (rFFT) to separate the main frequency components within a specified frequency band, and based on Ham-
ming window smoothing processing, suppresses noise and enhances signal fidelity; Secondly, the ADB module introduces a dual branch atten-
tion mechanism: one branch applies adversarial perturbations guided by Jacobian matrix gradients to queries and key vectors, while the other
branch maintains the standard attention mechanism; Finally, adaptively fuse the outputs of the two branches through a learnable weighting
scheme. Experiments have shown that the proposed design optimizes attention allocation by emphasizing significant variables and strengthen-
ing multivariate correlations, alleviating the inherent homogenization problem of ordinary self attention mechanisms. These modules are inte-
grated into the Transformer encoder to work together, enhancing the model’s ability to capture complex temporal dynamics and inter variable

dependencies. Experiments on benchmark datasets such as ECL and Traffic have shown that the proposed model has an average MSE decrease
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of 2% and outperforms current advanced methods in terms of prediction accuracy.
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2.Forn =1toNdo

3. X, = rFFT(x,) Fast Fourier Transform

4. X,, = Bandpass(X,,, fi,0s frian ) Select the frequency band

5.xy = IrFFT(X,,) Convert to the time domain

the frequency band

6.x,, = Reflective(x,, w,) Pad the signal

7. x,, = Apply(x,,, w,) Smooth with Hamming window

8. End

9. X, = Concat(x,,) Concatenate N univariate series

10. Return: X,

11. END
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Table 1 Comparison results of different prediction step sizes with the current advanced baseline models on five publicly available datasets

F1 EEANMAFHEELESMEHELERRARTNS KOLRER

A ASformer iTransformer Dlinear PatchTST TimesNet FEDformer Autoformer
TS FK MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0297 0346 0297 0349 0333 0387 0302 0348 0340 0374 0358 0397 0346  0.388
192 0376 0394 0380 0400 0477 0476 03838 0400 0402 0414 0429 0439 0456 0452
ETTh2 336 0422 0429 0428 0432 0594 0541 0426 0433 0452 0452 0496 0487 0482  0.486
720 0426 0442 0427 0445 0831  0.657 0431 0446 0462 0468 0463 0474 0515 0511
96 0173 0212 0174 0214 0.196 0255 0.177 0218 0172 0220 0217 0296 0266 0336
Weather 192 0221 0254 0221 0254 0237 0296 0225 0259 0219 0261 0276 0336 0307 0367
336 0278 0296 0278 0296 0283 0335 0278 0297 0280 0306 0339 038 0359  0.395
720 0357  0.348 0358 0349 0345 0381 0354 0348 0365 0359 0403 0428 0419  0.428
96 048 0239 0.48 0240 0.197 0282 081 0270 0.168 0272 0.93 0308 0201 0317
. 192 0163 0252 0162 0253 0196 0285 0.188 0274 0.184 0289 0201 0315 0222 0334
ECL 336 0178 0268 0.178 0269 0209 0301 0204 0293 0.198 0300 0214 0329 0231 0338
720 0208 0296 0225 0317 0245 0333 0246 0324 0220 0320 0246 0355 0254 0361
96 0092 0212 0.08 0206 0088 0218 008 0205 0.107 0234 0148 0278 0.197 0323
192 0176 0300 0.177 0299 0.176 0315 0.176 0299 0226 0344 0271 0315 0300 0369
Exchange 06 0322 0411 0331 0417 0313 0427 0301 0397 0367 0448 0460 0427 0509 0524
720 0.841  0.690 0847 0691 0839 0.695 0901 0714 0964 0746  1.195  0.695 1447  0.941
96 0396 0268 0395 0268 0.650 0396 0462 0295 0593 0321 0587 0366 0613 0388
N 192 0409 0276 0417 0276 0598 0370 0466 0296 0.617 0336 0604 0373  0.616 0382
Traffic 336 0423 0282 0433 0283 0605 0373 0482 0304 0.629 0336 0621 0383  0.622 0337
720 0454 0297 0467 0302 0645 0394 0514 0322 0640 0350 0.626 0382  0.660  0.408
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Table 2 Comparison results of different prediction step sizes with the current advanced baseline models on 5 public datasets

R2 ESNRAYRELSLHAEHERXRBETEMAULS KA LLRER

o 8itl ASformer iTransformer Dlinear PatchTST TimesNet FEDformerr Autoformer
LICITES EK MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETTh2 AVG 0380 0402 0383 0407 0559 0515 0387 0407 0414 0427 0437 0449 0450  0.459
Weather AVG 0257 0277 0258 0278 0260 0317 0259 0281 0259 0287 0309 0360 0338  0.382
ECL AVG 0174 0263 0.178 0270 0212 0300 0205 0290  0.192 0295 0214 0327 0227 0338
Exchange ~ AVG 0357 0403 0360 0403 0354 0414 0367 0404 0416 0443 0519 0429 0613  0.539
Traffic AVG 0420 0280 0428 0282  0.625 0383 0481 0304 0620 0336 0610 0376  0.628 0379
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