The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Towards Non-Stationary Time Series Forecasting with Temporal Stabilization and
Frequency Differencing

Junkai Lu' 2, Peng Chen', Chenjuan Guo', Yang Shu', Meng Wang?, Bin Yang'*

School of Data Science and Engineering, East China Normal University, Shanghai, China
2School of Computer Science, Xi’an Polytechnic University, Shaanxi, China
{jklu, pchen}@stu.ecnu.edu.cn, {cjguo, yshu, byang} @dase.ecnu.edu.cn, wangmeng @xpu.edu.cn

Abstract

Time series forecasting is critical for decision-making across
dynamic domains such as energy, finance, transportation, and
cloud computing. However, real-world time series often ex-
hibit non-stationarity, including temporal distribution shifts
and spectral variability, which pose significant challenges
for long-term time series forecasting. In this paper, we pro-
pose DTAF, a dual-branch framework that addresses non-
stationarity in both the temporal and frequency domains. For
the temporal domain, the Temporal Stabilizing Fusion (TFS)
module employs a non-stationary mix of experts (MOE) filter
to disentangle and suppress temporal non-stationary patterns
while preserving long-term dependencies. For the frequency
domain, the Frequency Wave Modeling (FWM) module ap-
plies frequency differencing to dynamically highlight compo-
nents with significant spectral shifts. By fusing the comple-
mentary outputs of TFS and FWM, DTAF generates robust
forecasts that adapt to both temporal and frequency domain
non-stationarity. Extensive experiments on real-world bench-
marks demonstrate that DTAF outperforms state-of-the-art
baselines, yielding significant improvements in forecasting
accuracy under non-stationary conditions.

Introduction

With the acceleration of digital transformation, time series
have been generated continuously across various domains,
including energy (Qiu et al. 2025g; Wu et al. 2025¢; Li et al.
2025), finance (Ye et al. 2025; Liu et al. 2025b; Wu et al.
2025b), transportation (Gao et al. 2025; Qiu et al. 2025f;
Wau et al. 2025d), and cloud computing (Hu et al. 2024; Qiu
et al. 2025d; Wu et al. 2024). Accurate forecasting of future
values from historical time series is essential for decision-
making and operational planning (Wang et al. 2025b).

In real-world scenarios, time series often exhibit non-
stationary patterns in both the temporal and frequency do-
mains (Qiu et al. 2025a; Wang et al. 2025¢c). As illus-
trated in Figure 1, the entire sequence is divided into four
patches, each characterized by distinct patterns. The distri-
butions of these patches evolve over time in temporal and
frequency domains, as illustrated in Figure 1(f—i) and Fig-
ure 1(j—m), reflecting the underlying non-stationarity (Qiu
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et al. 2025¢e). These observations highlight the necessity and
difficulty of designing methods that can effectively handle
non-stationarity in both domains. Specifically, addressing
this problem involves overcoming two key challenges:

Extracting and disentangling heterogeneous non-
stationary patterns to adapt to long-term dependency
modeling is challenging. Time series data inherently con-
sists of stationary and non-stationary components in the tem-
poral domain (Qiu et al. 2025¢c; Wu et al. 2025a; Chen
et al. 2025). Directly modeling long-term temporal depen-
dencies on raw sequences could be severely impaired by
non-stationary dynamics, leading to degraded prediction
performance. A promising solution involves explicitly mod-
eling the stationary component and isolating non-stationary
effects. However, time series non-stationary patterns are
highly complex and heterogeneous, making it impossible for
a single architecture model to comprehensively model these
non-stationary patterns. Therefore, how to design an archi-
tecture capable of extracting and disentangling these hetero-
geneous non-stationary patterns to enable long-term tempo-
ral dependency modeling is a challenge.

Dynamic modeling frequency drifts and spectral
variations present a challenge. Time series contains
rich frequency characteristics that reflect periodicity and
trends. These frequency characteristics are inherently non-
stationary, changing over time (as shown in Figure 1 (j-m)).
However, existing frequency analysis methods such as the
Fourier Transform (chan Park, gi Jang, and Kang 2021) as-
sume stationarity within the observation window and pro-
duce global frequency representations. Therefore, they fail
to capture transient frequency shifts and specific local pat-
terns. This limitation is particularly evident in applications
like electricity load forecasting, where frequency compo-
nents corresponding to daily and seasonal cycles change
over time due to user behavior and environmental factors
(e.g., climate changes). In such cases, relying on static fre-
quency analysis may obscure important variations necessary
for accurate prediction. Therefore, efficient frequency mod-
eling that can dynamically track frequency drifts is essential.

To address these challenges, we propose a novel Dual-
branch Modeling with Temporal Fusion and Frequency Dif-
ferencing (DTAF), to address the temporal and spectral non-
stationarity inherent in time series. As illustrated in Figure 2,
DTAF integrates two core components: Temporal Stabilizing
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Figure 1: A non-stationary time series split into four patches
(A, B, C, D), (b-e) shows the amplitude spectrum of the four
patches, (f-i) shows diverse distributions in the temporal do-
main, and (j-m) shows diverse distributions in the frequency

domain, reflecting non-stationarity across both domains.

Fusion (TES) and Frequency Wave Modeling (FWM).

In the temporal domain, we introduce a Non-stationary
MOE Filter in TFS, composed of expert networks spe-
cialized in distinct non-stationary patterns. These extracted
components are subtracted from the input to yield a station-
ary residual, enabling more robust modeling. Based on it, we
conduct temporal fusion to capture long-term dependencies.

In the frequency domain, FWM addresses frequency non-
stationarity via spectral differencing, highlighting compo-
nents with the most significant changes. This allows FWM
to adapt to dynamic spectral patterns. Finally, Dual-branch
Attention fuses the outputs of TFS and FWM, enabling ro-
bust forecasting that accounts for the two domain shifts. Our
contributions are summarized as follows:

* To address the challenge of non-stationarity in time se-
ries forecasting, we propose a novel model, DTAF, which
leverages dual-branch modeling to capture both temporal
and frequency-domain non-stationarity.

We propose the Temporal Stabilizing Fusion (TFS) mod-
ule, integrating a non-stationary MOE Filter, which au-
tomatically learns diverse temporal non-stationary pat-
terns, then performs global fusion to capture long-term
dependency, thus significantly enhancing prediction.

We introduce the Frequency Wave Modeling (FWM)
module, which applies differencing techniques in the fre-
quency domain to enhance the model’s ability to model
and adapt to frequency domain shifts.

Extensive experiments on eleven real-world datasets
have demonstrated that DTAF achieves state-of-the-art
prediction accuracy.
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Related Work
Multivariate Time Series Forecasting

Multivariate time series forecasting aims to predict future
values of multiple channels based on their historical data
(Qiu et al. 2025b; Cheng et al. 2023; Wang et al. 2023). Tra-
ditional methods such as RNN (Cho et al. 2014; Gasthaus
et al. 2019) and LSTM (Pillai 2025) capture time depen-
dencies, but as the sequence length increases, the histori-
cal patterns will be lost. To address these challenges, deep
learning approaches such as DeepAR (Rangapuram et al.
2018) have emerged, utilizing autoregressive probabilistic
models to enhance robustness and accuracy in forecasting.
Recent advancements have introduced Graph Neural Net-
works (GNNs) (Cirstea et al. 2021; Chen et al. 2023; Liu
et al. 2022a) to model spatial dependencies in time series.
For example, in tasks such as energy forecasting (Campagne
et al. 2024; Tian et al. 2024) , finance prediction (Wang et al.
2025a), and traffic prediction (Prabowo et al. 2023), GNNs
are capable of capturing both temporal information and spa-
tial correlations between variables, thereby improving fore-
casting accuracy. Simultaneously, Transformer-based archi-
tectures use attention mechanisms to model long-range de-
pendencies, such as PatchTST (Nie et al. 2023), Pathformer
(Chen et al. 2024).

Non-Stationary Modeling for Time Series

Although stationarization is essential for enhancing the pre-
dictability of time series data, real-world series invariably
exhibit non-stationary patterns. Classical statistical models
such as ARIMA (Box, Jenkins, and Reinsel 2015) address
this by applying temporal differencing to enforce station-
arity. In recent years, some methods addressing these chal-
lenges on the normalization aspect: Adaptive Norm (Oga-
sawara et al. 2010), which applies z-score normalization us-
ing global training statistics; DAIN (Passalis et al. 2020);
RevIN (Kim et al. 2022), which performs two-stage instance
normalization on inputs and outputs; and SAN (Liu et al.
2023), which dynamically normalizes within shorter win-
dows to estimate local means and variances. And others
from the model aspect to capture non-stationary patterns,
including Non-stationary Transformer (Liu et al. 2022b),
DERITS (Fan et al. 2024), AEFIN (Xiong and Wen 2025),
NsDiff (Ye, Xu, and Gui 2025), and TimeBridge (Liu et al.
2025a). AdaRNN (Du et al. 2021), which proposes an adap-
tive RNN to alleviate the impact of non-stationary fac-
tors by characterizing and matching distributions; Triformer
(Cirstea et al. 2022), which proposes a light-weight ap-
proach to enable variable-specific model parameters, mak-
ing it possible to capture distinct temporal patterns from dif-
ferent variables.

Although the existing technologies have alleviated non-
stationarity to a certain extent, the importance of jointly
modeling it from both the temporal and frequency domains
is generally ignored. To address this, we propose a new
method, DTAF, that models non-stationarity in the temporal
and frequency domains, enhancing prediction performance
under non-stationary conditions.
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Figure 2: The architecture of DTAF. The two main components of DTAF are TFS and FWM. They are used to aggregate the
information in the temporal domain and model in the frequency domain with differencing. Temporal aggregation captures long-
term dependencies and local variations, while frequency differencing provides insights into the changing spectral components.

Methodology
Overall Framework

To address the non-stationarity in the temporal and fre-
quency domains, we propose a novel model, Dual-branch
Modeling with Temporal Fusion and Frequency Differenc-
ing (DTAF). As illustrated in Figure 2, DTAF comprises
several core components: Instance Norm (Kim et al. 2022),
Patching&Embedding (Nie et al. 2023), Temporal Stabiliz-
ing Fusion (TFS), Frequency Wave Modeling (FWM), and
a Predictor (Zeng et al. 2023). Instance Norm alleviates dis-
tributional shifts between training and inference, enhancing
the robustness of the model against variations in data distri-
butions and improving generalization performance. Inspired
by the patching strategy in Transformer architectures (Nie
et al. 2023), Patching&Embedding segments long sequences
into patches and embeds them into high-dimensional repre-
sentations, preserving local temporal patterns. The TFS and
FWM modules are specifically designed to mitigate non-
stationarity in the temporal and frequency domains. Finally,
the Predictor integrates the features from both branches to
produce accurate prediction results.

The core of design is TFS and FWM, which are de-
signed to model non-stationarity in the temporal and fre-
quency domains. TFS utilizes a Non-stationary MoE Filter
to dynamically extract and remove non-stationary patterns
and then uses the Temporal Fusion module to model long-
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term dependency based on the stationary residual. Comple-
menting the temporal modeling, FWM addresses frequency
non-stationarity by applying differencing in the frequency
domain, highlighting components with the most significant
spectral changes. These enable DTAF to adapt to temporal
and frequency dynamics simultaneously, leading to more ac-
curate forecasting under non-stationary conditions.

Temporal Stabilizing Fusion

In complex time series, the heterogeneous non-stationary
patterns lead to inconsistent distributions among patches, re-
ducing the prediction performance.

As illustrated in Figure 1 (f-i), although these patches
may follow similar global trends, their local fluctuations
vary drastically. These heterogeneous non-stationary pat-
terns make it difficult to effectively capture long-term tem-
poral dependencies.

To address this, we introduce the Temporal Stabilizing
Fusion module (TFS). It first applies a non-stationary MOE
Filter to extract and subtract these non-stationary compo-
nents, and then performs a temporal fusion module to cap-
ture long-term dependencies. By extracting and filtering
heterogeneous non-stationary patterns, TFS enables robust
long-term modeling and significantly enhances forecasting
accuracy under dynamical non-stationary conditions.

Non-stationary MOE Filter. To alleviate the impact of



non-stationarity in the temporal modeling, we propose the
Non-stationary MOE Filter, which is designed to learn non-
stationary patterns and remove them from the original se-
quence, stabilizing the input and making it more suitable for
long-term modeling. Specifically, the Non-stationary MOE
Filter consists of a collection of Experts dedicated to extract-
ing non-stationary patterns, along with a routing network
that dynamically assigns inputs to the experts.

For notational clarity, we describe our method using a uni-
variate time series X € R”, where T denotes the input se-
quence length (extension to multivariate cases is straight-
forward). We first apply instance normalization to standard-
ize the input statistics, mitigating distribution shift. Rec-
ognizing that individual time steps often lack meaningful
context, we employ a patching strategy that segments the
sequence into N overlapping patches {X!, X2 ... XV},
where each patch captures local temporal patterns. These
patches are then projected into a high-dimensional la-
tent space through patch embedding, yielding the embed-
dings {X;ammxsmh, e ,Xé\;tch} for subsequent process-
ing, where X;amh € R9 represents i-th patch embedding,
and d denotes the embedding dimension.

For i-th input patch embedding X;ateh, the routing net-
work first assigns a weight to each expert’s contribution
based on each input characteristic, and then each expert
utilizes special MLP networks to extract potential non-
stationary patterns. After aggregating the weighted outputs
from all experts, the non-stationary pattern X} cns € R?
for the sequence is obtained, which is subtracted from the in-
put patch X;atch, as illustrated by the following equations:

7em}7

router’ = Softmax(Linear(X;atCh)) ,

E={ey,ea,e3,...

m ()
X;atterns = Z € (X7> * I'Olltel‘;»7
j=1

where £ denotes the expert set and Linear(-) denotes a spe-
cial linear layer (Liu et al. 2025¢c), and each expert denotes
multiple linear layers. To ensure that the experts learn the
non-stationary patterns, we introduce a KL divergence (Ji
et al. 2022) loss to enforce this constraint. Specifically, the
loss function is formulated as:

stable — “Mpatch — Xpatterns? (2)
N N
_ i J 2
»Cstable = ax Z Z I<L(}(;table7 Xstable)/N ’ (3)
i=1 j=1

where KL(-) calculates the KL divergence and « is a hyper-
parameter. KL divergence can make the distribution of each
output patch stationary. Since the outputs are the features
extracted by subtracting exports from the original patches,
exports can learn non-stationary features.

Temporal Fusion. After extracting and removing
non-stationary components from each input patch embed-
ding, we obtain stationary patterns to model long-term tem-
poral dependencies. To further enhance robustness against
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potential residual non-stationary effects, we propose a tem-
poral fusion module that dynamically balances historical
context and current information.

For each patch X!, ;. € R a linear feature extractor
(LinearExtra(-)) that incorporates time series decomposi-
tion is first employed to capture the patterns of the current
patch X, .. formulated as follows:

X; = AVngOl(padding(Xétable)))7 Xi = thable - XZ?
4)
=W X+ WX, (5)

where X! X! € R? represent the decomposed trend
and seasonal components respectively (Wu et al. 2021),
Wi Wi € R4 are learnable parameters and X! € R¢
is the temporal representation of the i-th patch. Next, a lin-
ear layer gets the weights between the current patch and each
historical patch, reflecting the degree of information fusion
required from each historical patch:

Weight' = Softmax(Wpistory - Xi + Bhistory),  (6)

where Whistory € RNx4 and bhistory € RN, To en-
sure no future information leaks into the model, all weights
Weight, , for n > i, are set to zero, enforcing the use of
historical patches exclusively. Based on the weights gener-
ated by the Temporal history Weight Generator, we then in-
tegrate the historical patch information through a weighted
aggregation, formulated as:

i—1
= MLP() | Weight/, - XI\, ..

n=1

), (D

)
history

Where MLP(-) is implemented as one linear transformation
layer, facilitating the extraction and reinforcement of key
history features. To incorporate the current patch’s feature
representations, we introduce a gating mechanism designed
to dynamically amplify or suppress the contribution of the
current patch to the final representations:

Xiurrent = Ga‘te(X;atch) ' Xfoatc}n (3)
Gate(X;atCh) = Wiate - LinearExtra(X;mCh) + byate,
9)

where W g,zc € R19 by, € R are learnable parameters.
Finally, the fused representation is obtained by combining
the current patch’s features with the historical information:
Hi = churrent + Xilistor)” (10)
where H! € R represents global representation to the i-
th patch. By integrating historical and current information,
DTAF captures essential global patterns while further sup-
pressing residual non-stationary factors, enabling more ef-
fective modeling of long-term temporal dependencies.
Overall, DTAF effectively enhances long-term temporal
modeling by jointly leveraging the Non-stationary MOE
Filter and the Temporal Fusion module. The MOE Filter
extracts heterogeneous non-stationary patterns from each
patch, producing relatively stationary representations.



Based on the above components, the Temporal Fusion
module adaptively integrates historical and current informa-
tion to further adapt to the non-stationarity. This two-stage
process stabilizes temporal dynamics and enhances long-
term dependency modeling under non-stationary conditions.

Frequency Wave Modeling

Time series data often reveal trends and seasonal pat-
terns through their frequency characteristics. However,
these frequency components are not static, leading to non-
stationarity in the frequency domain as shown in Figure 1 (j-
m). Existing approaches typically assume that the frequency
patterns of time series remain stable over time. However,
such assumptions fail to account for the non-stationarity in
the frequency domain, where key components may shift over
time. This limits the model’s ability to capture evolving sea-
sonal or trend patterns in time series forecasting.

To address this limitation, we propose a novel module
named Frequency Wave Modeling, which is specifically de-
signed to model non-stationarity in the frequency domain.
By dynamically tracking the temporal changes of frequency
components and selectively emphasizing those that exhibit
significant variations, the module enables the model to con-
centrate on the most informative spectral patterns.

Based on the patch representation H: from the TFS mod-
ule, we introduce Frequency Wave Modeling to further char-
acterize non-stationary patterns in the frequency domain as
shown in Figure 2 (c). First, similar to other approaches (Wu
et al. 2023), we apply the Fast Fourier Transform (FFT) to
each patch, as expressed as:

Freq' = rFFT(H!), (11)

where rFFT(-) denotes the real-valued Fast Fourier Trans-
form that converts time-domain information into the fre-
quency domain, yielding a set of spectral components. These
spectral components capture the distribution of frequency
components at different patches. Subsequently, we perform
a differencing operation on the spectrum sequence and se-
lect the frequency components exhibiting significant varia-
tion, which can emphasize non-stationary components:

Wave' = Freq’ — Freqi_l(i > 2), (12)
Picks’ = Topk(Wave'), (13)
F‘reqif_jéPicksi =0, (14)

where Wave € RV *@/2+1 represents the degree of change
of each frequency in each patch, and for the first patch, we
set it to Freq'; The Topk(-) function selects the k most sig-
nificantly changing frequency components for every patch,
thus obtaining Picks € RNV %% which includes the k most
changing frequency components for each patch. For any fre-
quency f; , which is not be selected, the corresponding
Freq}J is set to zero. Finally, we apply the inverse Fast

Fourier Transform in Freq’ € R%2t1 to convert the se-
lected frequency features back to the time domain, obtaining
the representation Hy € RV >4,

By incorporating differencing operators to track evolving
spectral patterns over time, FWM constructs discriminative
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spectral representations that capture complex, time-varying
frequency dynamics, enhancing forecasting performance.

Dual-branch Attention

Based on temporal and frequency features, we then fuse
the two domain features. This fusion allows the model to
leverage both temporal and frequency information, leading
to more robust and accurate predictions. Traditional fusion
approaches, such as direct concatenation or using cross-
attention to reconstruct one domain from the other, often
fall short in capturing the complementary nuances between
temporal and frequency features. We propose a dual-branch
attention feature fusion mechanism, referred to as Dual-
branch Attention, which can be formulated as follows:

KT
Atten; = Softmax( QuKq Vi, (15)
Vd
KT
Atteny = Softmax( Q\f/gf )V, (16)
Hfysion = Concat(Atteny, Atteny). a7

Here Q;, K., V; € RY *d are derived from the temporal-
domain features H;, € RM*? through linear transfor-
mations, and Q¢, K¢, Vi € RV*9 are derived from the
frequency-domain features Hy through similar transforma-
tions. After obtaining the attention of the temporal domain
(Atten, € RY*?) and the attention of the frequency do-
main (Atten; € RY*?), we concatenate them to form
Hiion € R?Y*4 The Dual-branch Attention simultane-
ously extracts features from both the time and frequency do-
mains, providing richer features for subsequent prediction.
Finally, the fused features pass through a prediction module
(Predictor), which consists of a fully connected layer:

Xout = Linear(Flatten(Heysion ) ), (18)

where Xt € R¥, F is the prediction length of time series.
This module adaptively selects the required features from
the two domains to produce the final prediction X ;.

Experiment
Dataset

We select 11 widely used time-series datasets for our
model, covering a range of domains such as electricity
(ETTh1, ETTh2, ETTml1, ETTm2, Electricity), health (ILI,
Covid-19), traffic (Traffic), web (Wike2000), environment
(Weather), and banking (NN5).

Baselines

We select several state-of-the-art models as baselines and
evaluate them in TFB (Qiu et al. 2024), including Am-
plifier (Fei et al. 2025); Non-stationary Transformer (Sta-
tionary) (Liu et al. 2022b); iTransformer (Liu et al. 2024);
Pathformer (Chen et al. 2024); PatchTST (Nie et al. 2023);
Crossformer (Zhang and Yan 2023); FITS (Xu, Zeng, and
Xu 2024); TimeMixer (Wang et al. 2024); TimesNet (Wu
et al. 2023), and DLinear (Zeng et al. 2023).



Models DTAF Amplifier iTransformer Pathformer FITS TimeMixer  PatchTST  Stationary
(ours) (2025) (2024) (2024) (2024) (2024) (2023) (2022)

Metrics | mse mae | mse mae | mse mae | mse mae | mse mae | mse mae | mse mae | mse mae

ILI ‘ 1.688 0.801 ‘ 1.819 0.888‘ 1.857 0.892 ‘ 1.995 0.909 ‘ 2.334 1.052‘ 1.819 0.886‘ 1.902 0.879 ‘ 2.389 1.027

Covid-19 [1.351 0.040|5.578 0.112]1.488 0.049 |3.326

0.086 ‘ 5.669 0.123 ‘ 12.941

0.133 ‘ 1.697 0.056 ‘ 2.658 0.078

NN5 | 0.643 0.538|1.794 1.018|0.660 0.5500.698

0.582 ‘ 0.811

0.653‘ 0.655 0.593 ‘ 0.688 0,589‘ 1.295 0.915

ETTh ‘0.369 0.398‘0.385 0.416‘0.404 0.425‘0.388

0.410 ‘ 0.371 0.406 ‘ 0.388

0.419‘0.384 0,415‘0.521 0.493

ETTm |0.297 0.338|0.327 0.364]0.314 0.358 |0.305

0.341]0.305 0.345| 0.306

0.349]0.302 0.347]0.456 0.430

Weather |0.222 0.250|0.222 0.263]0.232 0.269 | 0.225

0.257‘0.243 0.280‘ 0.226

0.264|0.223 0.2610.293 0.315

Electricity [ 0.160 0.248 |0.174 0.267]0.163 0.258 | 0.168

0.261]0.169 0.265| 0.184

0.284‘0.171 0.270‘0.194 0.295

Traffic [0.402 0.249]0.423 0.294|0.397 0.281|0.416

0.264]0.429 0.302| 0.409

0.279]0.397 0.275|0.621 0.339

1*Count| 7 8 | 0 0| 1 0] 0

oo o] o oo o]0 o0

Table 1: Multivariate forecasting results. Results are averaged from all forecasting horizons. The input lengths of ILI, Covid-19,
and NNS5 are selected from 36, 104, while the remaining datasets are selected from 96, 336, 512. The best results are highlighted
in bold, and the second-best results are underlined. ETTh and ETTm represent the average of ETTh1 and ETTh2 and the average
of ETTm1 and ETTm?2. Due to space limitations, only a part is displayed.

Settings

For the forecasting horizon, the ILI, Covid-19, NNS5, and
Wike2000 datasets are evaluated using prediction lengths of
24, 36, 48, 60, while the remaining datasets employ predic-
tion lengths of 96, 192, 336, 720. DTAF is optimized using
the AdamW optimizer (Loshchilov and Hutter 2019). We se-
lect MAE and MSE as metrics. The loss is combined with
three parts: L1 loss as task loss, r-drop loss (Liang et al.
2021) as robust loss to improve robustness of the model, and
stable loss, which uses KL to constrain the Non-stationary
MOE Filter to learn Non-stationary patterns. It can be for-
mulated as: £ = Liask + @+ Lstable + 8 - Lrobust» Where a, 8
is a hyperparameter. And the evaluation is run in the TFB
(Qiu et al. 2024) benchmark. All results of the experiments
are the average of running three times.

Main Results

Table 1 presents the performance of our model, DTAF,
which consistently surpasses existing baselines across two
evaluation metrics. 1) Significant Improvements over Base-
lines: Among the 16 evaluation metrics, DTAF ranks first
in 15 cases. Compared with Stationary, which aims to han-
dle non-stationarity through input transformation, DTAF
demonstrates outstanding performance on non-stationary
datasets such as Covid-19 (reduces MSE by 49.0% and
MAE by 50.0%) and NN5 (reduces MSE by 50.4% and
MAE by 41.2%), proving the effectiveness of DTAF in
modeling non-stationary data. 2) Robust Predictive Ca-
pabilities: Compared to other models such as Cross-
former, PatchTST, TimeMixer, and other state-of-the-art ap-
proaches, DTAF not only achieves notable accuracy im-

provements but also maintains stable performance across di-
verse time series datasets, demonstrating strong adaptability
to varying data distributions and temporal patterns.

Ablation Studies

In this ablation study, we evaluate DTAF on one non-
stationary time series dataset and one normal dataset by dis-
abling each of its three core components: Temporal Stabiliz-
ing Fusion (TES), Frequency Wave Modeling (FWM), and
the dual-branch attention mechanism. As shown in Table 2,
the removal of any single module leads to a clear degradation
in both MSE and MAE. Without TFS, the model cannot bet-
ter adapt to the non-stationary patterns while modeling long-
term dependencies; omitting FWM undermines its ability to
track changing periodic patterns. These findings confirm that
each module contributes indispensably to handling different
facets of non-stationarity and that their collaboration is crit-
ical to DTAF’s superior forecasting accuracy.

Model Analysis

Visualization of Expert Weights. We select three sam-
ples and show the expert weight distribution for each patch
in Figure 3. Our observations reveal that the samples pos-
sess unique expert weight distributions. Both samples 1
and 3 share similar seasonality and similar trend patterns,
which indicates that they may have similar non-stationarity,
thereby yielding similar weight distributions. In contrast, the
patterns of sample 2 diverge from samples 1 and 3. These
findings underscore the adaptability of the Non-stationary
MOE Filter and its ability to extract and distinguish differ-
ent non-stationary patterns.
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Sample 1
Sample 2
Sample 3 P1 o195 0099 0.107
P2 o170 0222 o118
P3 0131 & 0.264 0.122
P4 0127 | 0288 0131
E1l E2 E3

E4

Expert Weight of Sample 1 Expert Weight of Sample 2 Expert Weight of Sample 3

0.097 0106 0224 Pp 0135 0133  0.102
0.100 0111 0242 P2 0117 0206 0.107
0.113 0124 | 0289 P3 0159 0222 0.120
0153  0.150 P4 o122 0247 0125
E1l E2 E3 E4 El E2 E3 E4

Figure 3: The weights of different experts for the ETTh1. P1, P2, P3, and P4 denote four patches from the sequence, while E1,
E2, E3, and E4 represent four experts to extract non-stationary patterns.

Model DTAF w/o TFS w/o FWM w/ Attention
Metrics | mse mae mse mae mse mae mse  mae

24 | 0.716 0.559 0.723 0.567 0.729 0.574 0.725 0.571
2 36 | 0.644 0.537 0.659 0550 0.659 0554 0.660 0.554
Z 48 | 0.621 0.535 0.623 0.540 0.632 0.549 0.635 0.552

60 | 0.593 0.522 0.608 0.535 0.597 0.527 0.608 0.536
— 96 | 0359 0384 0.367 0391 0363 0391 0376 0.395
£ 1920400 0414 0408 0421 0407 0419 0418 0430
336 | 0415 0424 0426 0433 0420 0434 0438 0445

720 | 0.421 0.449 0457 0.468 0.446 0460 0450 0.463

Table 2: Ablation Study. W/O TFS, W/O FWM, represent
removing the TFS and FWM, and W/ Attention represents
replacing Dual-branch Attention with Cross Attention. Re-
sults averaged over 3 seeds; std < £ 0.0058.

Non-stationary MOE Filter Analysis. We analyze the
Non-stationary MOE Filter and carry out a visual analysis
of the input and output of the Non-stationary MOE Filter,
which is shown in Figure 4. It can be seen that before the
Non-stationary MOE Filter, the distribution among patches
had significant differences. However, after the Filter, the dis-
tribution similarity among patches is relatively high. This
proves that the Non-stationary MOE Filter can indeed re-
move the Non-stationary part between patches, making the
distribution between patches more stable.

Patch? Patch?

(a) Patch distribution before MOE Filter

Patch?

Patch?

Patch?
(b) Patch distribution after MOE Filter.

Patch?

Figure 4: Non-stationary MOE Filter Analysis.
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TopK selection Analysis. To analyze whether the low-
frequency and high-energy components would dominate the
selection of TopK, we conduct an experimental analysis.
As shown in the left figure of Figure 5, it is a sampled
time series. We divided it into four patches and aligned
them for frequency-domain differential operations, obtain-
ing three differential spectrograms as shown in the right fig-
ure of Figure 5. We found that for the selection of TopK
in the differential spectrograms, it is not dominated by low-
frequency and high-energy components. It can be seen that
in DIFF 1, low-frequency and high-frequency components
are selected, while in DIFF 2 and DIFF 3, the intermedi-
ate frequency and high-frequency components are chosen.
From this, it can be seen that the model’s selection of fre-
quencies is diverse and is not dominated by low-frequency
and high-energy components.

—— DIFF 1
Frequency
Differencing | \ 7777 DIFF 2
—-- DIFF3

Q

RE -9

Figure 5: TopK selection Analysis.

Conclusion

In this paper, we propose a novel model DTAF, which ef-
fectively addresses the non-stationarity in both the temporal
and frequency domains for time series forecasting. Specifi-
cally, our proposed Temporal Stabilizing Fusion (TFS) mod-
ule is enhanced by a Non-stationary MOE Filter that au-
tomatically removes non-stationary patterns in the tempo-
ral domain and facilitates the capture of long-term depen-
dencies. Meanwhile, the Frequency Wave Modeling (FWM)
module performs frequency domain differencing to handle
non-stationarity in the spectral space, allowing the model to
better understand periodic trends and sudden shifts. Based
on these, DTAF achieves more robust and accurate forecast-
ing across diverse scenarios.
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