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Long-term Time Series Forecasting with Channel Fusion and Sequence Stabilization
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Abstract : Long-term time series forecasting plays a significant role in real-world scenarios. Previous studies showed that Transformer-
based models used point-by-point self-attention, which increased computational complexity. In contrast, models based on linear struc-
tures and channel independence could achieve higher efficiency and accuracy. However, the long-term temporal patterns also had de-
pendencies between different channels that are difficult to extract. To address the issues of high computational complexity and the diffi-
culty of capturing complex temporal patterns, this paper proposed Channel Fusion and sequence Stabilization Network, which combines
channel independent and channel dependent training strategies. It explored correlations of individual sequence channels based on linear
structures and adaptively fuses different channels using a convolutional structure inspired by Fourier operations. Meanwhile , by stacking
sequential channel fusion-decomposition modules,the predictive performance of the model is further enhanced. In addition, this paper
introduced stabilization and anti-stabilization modules, operating at the subsequence level to improve the generalization ability of the
model. In terms of long-term forecasting ,the proposed model outperforms other baseline models in accuracy on three common time se-
ries datasets.
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Table 3 Results for different prediction lengths in multivariate setting
Electricity Weather ETTm2
1] b s
B fiix 96 192 336 720 96 192 336 720 96 192 336 720
CFSNet MSE 0.183 0.196 0.211 0.241 0.165 0.238 0.286 0.359 0.185 0.257 0.342 0.426
[+
MAE 0.288 0.298 0.311 0.333 0.214 0.276 0.308 0.355 0.271 0.316 0.369 0.413
DLi MSE 0.195 0.197 0.209 0.245 0.196 0.237 0.283 0.345 0.193 0.284 0.369 0.554
ear
MAE 0.282 0.285 0.301 0.334 0.255 0.296 0.335 0.381 0.292 0.362 0.427 0.522
MICN MSE 0.207 0.206 0.219 0.252 0.195 0.304 0.315 0.695 0.194 0.401 0.320 0.502
MAE 0.298 0.299 0.314 0.343 0.255 0.363 0.372 0.569 0.291 0.423 0.376 0.486
FEDF MSE 0.193 0.201 0.214 0.246 0.217 0.276 0.339 0.403 0.203 0.269 0.325 0.427
ormer
MAE 0.308 0.315 0.329 0.355 0.296 0.336 0.380 0.428 0.287 0.328 0.371 0.415
Autof MSE 0.201 0.222 0.231 0.254 0.266 0.307 0.359 0.419 0.255 0.281 0.339 0.433
utolormer *
MAE 0.317 0.334 0.338 0.361 0.336  0.367 0.395 0.428 0.339 0.340 0.372 0.432
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LSTM MSE 0.375 0.442 0.439 0.980 0.369 0.416 0.455 0.535 2.041 2.249 2.568 2.720
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MAE 0.437 0.473 0.473 0.814 0.406 0.435 0.454 0.520 1.073 1.112  1.238  1.287
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Table 4 Model ablation experiment results
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selection and their performance
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Fig.6 Comparison of the effectiveness of stabilization and
destabilization modules in ETTm2 dataset
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Fig.7 Impact of the number of convolutional kernels and
the stacking layers on prediction performance
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