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Non-stationary Time Series Forecasting
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Distribution Shift of the training and testing datasets.
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(1) Reversible Instance Normalization

[1] Kim, T., Kim, J., Tae, Y., Park, C., Choi, J. H., & Choo, J. (2021, May). Reversible instance normalization for accurate time-series forecasting against distribution shift. 
In International Conference on Learning Representations.

But it consider only the non-stationarity between 
the input instances.
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(2) Handle the non-stationarity between the input and output 
Dish-TS SAN

Handle the non-stationarity between input and output series through analysis and prediction 

of the internal statistics, which focus on most salient trend, rather than seasonality.

[2] Fan, W., Wang, P., Wang, D., Wang, D., Zhou, Y., & Fu, Y. (2023, June). Dish-ts: a general paradigm for alleviating distribution shift in time series forecasting. 
In Proceedings of the AAAI conference on artificial intelligence (Vol. 37, No. 6, pp. 7522-7529).
[3] Liu, Z., Cheng, M., Li, Z., Huang, Z., Liu, Q., Xie, Y., & Chen, E. (2024). Adaptive normalization for non-stationary time series forecasting: A temporal slice 
perspective. Advances in Neural Information Processing Systems, 36.



Problem and Motivation
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A frequency-based non-stationarity scenario

Inconsistent Main Frequency
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(1) Previous statistics-based methods failed to distinguish 

this type of non-stationarity.

(2) Previous Fourier-based methods select main frequencies 

randomly or fixedly.

Contributions

(1) We propose FAN, which adeptly addresses both trend 
and seasonal non-stationary patterns within time series 
data. 

2) We explicitly address pattern evolvement with a simple 
MLP that predicts the top K  frequency signals of the 
horizon series and applies these predictions to reconstruct 
the output. 

3) We apply FAN to four general backbones for time series 
forecasting across eight real-world popular benchmarks. 
The results demonstrate that FAN significantly improves 
their predictive effectiveness



FAN
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Normalization
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• Main Results: our proposed FAN effectively enhances 

the performance of backbone models, on the ETTm2, 

Electricity, Exchange, Traffic, and Weather datasets, the 

average MSE performance improvements are rather 

significant: 10.81%, 21.49%, 51.27%, 21.97%, and 

21.55\% respectively. 

• Comparison with other normalization methods: It is 

evident that FAN generally outperforms the baseline 

models （MSE improvements around 7.76%∼37.90%）.

Experiment
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Experiment-further analysis

(1) Compared to previous normalization methods, our model achieves greater stationarity across all datasets, 
particularly incases with larger seasonal patterns (Traffic, ETTh1, ETTm1).

(2) FAN and SAN have similar training iteration times, but FAN has 29.79% less parameters. Moreover, FAN achieves a 
15.56% improvement in MSE and a 15.30% improvement in MAE. 
(3) compared to other models, as the input length increases, among these normalizations, the enhancement of increases 
the most, this demonstrates that the instance-wise DFT is capable of extracting more seasonal patterns from the longer 
input windows.
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Instance-wise selection of frequencies

As shown in Table 5, by selecting instance-wise predominant frequencies, FAN achieves an 
averageimprovement of 18.50% and 10.29% on the Electricity and Traffic datasets respectively. 
Thishighlights instance-wise frequency selection rather than assuming fixed frequency patterns.
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Other analysis

Dataset Analysis Theoretical Analysis Fourier Spectrum Analysis
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