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Abstract—Real-world time series often exhibit complex and
non-stationary temporal dynamics, posing substantial challenges
for accurate forecasting. While existing models predominantly
rely on simplified decomposition for trends and seasonality,
they often struggle to disentangle the multifaceted frequency
components inherent in real-world data, thereby limiting their
representational power. To address this, we propose FreqMixer, a
novel MLP-based framework designed to capture rich temporal
patterns from a frequency-aware perspective. The architecture
begins by leveraging a Stationary Wavelet Transform (SWT)
to decompose series into multi-frequency coefficients, enabling
simultaneous modeling in both time and frequency domains.
Building on this decomposition, a frequency-adaptive patching
strategy is introduced to handle the heterogeneous characteristics
of different bands, effectively differentiating long-term trends
from short-term fluctuations. This hierarchical representation is
further refined by a dual-level cross-frequency attention mech-
anism, which integrates local multi-scale information through
MLP-based aggregation while capturing global dependencies
across wavelet coefficients. Extensive experiments on diverse
real-world datasets demonstrate that FreqMixer consistently
achieves state-of-the-art performance, validating its effectiveness
and robustness in complex time series analysis.

Index Terms—Time series forecasting, Stationary Wavelet
Transform, Frequency-adaptive patching, Cross-frequency atten-
tion

I. INTRODUCTION

Multivariate time series (MTS) forecasting plays a central
role in critical application domains such as weather forecasting
[1], traffic analysis [2], and financial modeling [3]. In real-
world scenarios, however, time series data are frequently
affected by non-stationarity, noise, and regime shifts, giving
rise to complex temporal patterns that challenge representation
learning and long-horizon generalization [4]–[6].

The development of MTS forecasting methods has evolved
from classical statistical models, such as ARIMA [7], to
modern deep learning architectures. While RNNs and Trans-
formers demonstrate strong capabilities in modeling complex
temporal dependencies, they face an inherent tension between
contextual coverage and computational efficiency. Short input
sequences restrict access to long-term historical information,
whereas excessively long sequences incur prohibitive compu-
tational costs and amplify noise, ultimately degrading learning
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effectiveness [8], [9]. In addition, large pre-trained models
often struggle with domain-specific adaptation and exhibit
biases inherited from their pre-training corpora [10]–[12]. No-
tably, recent studies reveal that comparatively simple linear or
MLP-based models can outperform sophisticated Transformer
architectures on standard forecasting benchmarks [13], [14].

Despite their favorable efficiency and generalization prop-
erties, existing MLP-based forecasting models often face an
inherent trade-off between expressive complexity and compu-
tational overhead, frequently forcing a compromise between
the high capacity of Transformers and the efficiency of linear
architectures [15]. A primary bottleneck in these efficient
models is their reliance on an implicit and restrictive as-
sumption: a uniform temporal semantic granularity. In prac-
tice, they adopt fixed patching strategies that mechanically
divide sequences into equal-length segments, regardless of
the underlying temporal dynamics. Such rigid partitioning
inevitably truncates meaningful semantic units and discards
critical boundary information [16], leading to a fundamental
mismatch between model architecture and the intrinsic multi-
scale nature of real-world time series. Specifically, temporal
signals are typically composed of stable low-frequency trends
superimposed with volatile high-frequency fluctuations, whose
semantic structures cannot be adequately captured under a
single, fixed granularity.

To address this granularity mismatch, we propose Fre-
qMixer, a novel MLP-based forecasting framework that en-
forces frequency-consistent patch semantics. FreqMixer first
employs the Stationary Wavelet Transform (SWT) to ex-
plicitly decompose the input series into multiple frequency
components. Building on this decomposition, we introduce a
frequency-adaptive patching strategy in which coarse-grained
patches are assigned to low-frequency components to capture
long-term trends, while fine-grained patches are used for high-
frequency components to preserve short-term dynamics. To
effectively integrate information across resolutions, we further
design a dual-layer cross-frequency attention mechanism, en-
abling principled interaction between different patch granu-
larities and frequency scales. As a result, Mixer operations in
FreqMixer go beyond simple token mixing and facilitate struc-
tured information fusion across multiple temporal resolutions.
Our main contributions are summarized as follows:



Fig. 1. The FreqMixer framework. SWT is used to decompose the time series into j levels, where Ai represents the approximation coefficients, ri is the
dilation rate that determines the sampling interval of the filter on the signal. Pi and Si represent the patch size and stride, respectively.

• We identify the granularity mismatch inherent in existing
patch-based forecasting models and propose a frequency-
adaptive patching strategy that aligns patch semantics
with frequency characteristics, yielding more faithful
multi-scale representations.

• We introduce a dual-layer cross-frequency attention
mechanism that explicitly models dependencies between
coarse- and fine-grained temporal features, enabling ef-
fective fusion across frequency scales.

• Extensive experiments on multiple benchmark datasets
demonstrate that FreqMixer achieves state-of-the-art fore-
casting performance while maintaining high computa-
tional efficiency.

Reproducibility and Availability: We provide our source
code and pre-trained model checkpoints to support trans-
parency and reproducibility; all project resources are hosted
on https://github.com/Morii-s/FreqMixer.

II. RELATED WORK

The advancement of deep learning models has significantly
propelled research in multivariate time series forecasting,
showcasing their remarkable potential in this domain.

Transformer-based models have demonstrated strong per-
formance in time series forecasting. Informer [17] reduces

computational complexity and effectively models long-term
dependencies by introducing a sparse attention mechanism.
Autoformer [18] enhances performance by adaptively de-
composing time series into trend and seasonal components
for independent modeling. FEDformer [19] combines the
Fast Fourier Transform with decomposition to better capture
frequency-domain features. PatchTST [20] enables efficient
learning of both local and global patterns by partitioning
the time series into patches. iTransformer [21] focuses on
optimizing the attention mechanism to improve information
extraction capabilities in long-sequence forecasting. However,
these Transformer-based models often face high computational
complexity and limited local modeling capabilities.

Recent MLP-based models have emerged as efficient alter-
natives to Transformer architectures for time series forecasting.
TSMixer [22] employs a simple yet effective MLP architecture
that alternates between mixing along temporal and feature
dimensions, thereby capturing dependencies without relying
on attention mechanisms. TimeMixer [13] introduces a time-
channel mixing mechanism, explicitly incorporating time as a
dimension in MLP operations to enhance temporal modeling.
WPMixer [23] integrates wavelet-based decomposition into the
mixing process, facilitating more precise modeling of multi-
scale temporal patterns. CycleNet [24] captures the intrinsic



cyclic structures of time series through a dual-branch design,
separating periodic trends and residual components, thereby
enhancing interpretability and accuracy in long-term forecast-
ing. These models collectively demonstrate that well-designed
MLP-based and hybrid architectures can achieve competitive
performance while minimizing overhead.

Although these models have made significant progress in
efficiency and performance, they still exhibit deficiencies in
extracting features from the various frequencies of time series,
which limits a deeper exploration of their intrinsic patterns.
Furthermore, when dealing with high-dimensional multivariate
data, they face a common challenge: their performance is
highly dependent on the model’s dimension, requiring a large
number of parameters to overcome architectural limitations
such as representation bottlenecks or information isolation
issues. To address this challenge, we propose FreqMixer,
a collaborative information processing architecture. Through
cross-scale information interaction, FreqMixer can achieve
better performance even with a smaller model dimension,
which demonstrates its advantage in parameter efficiency when
handling high-dimensional data.

III. METHODOLOGY

A. Model Architecture

FreqMixer is a modular time series forecasting framework
designed to explicitly model cross-frequency dependencies. As
illustrated in Fig. 1, it consists of three core components: the
SWT, a frequency-adaptive patching strategy, and a dual-level
cross-frequency attention mechanism.

Given an input sequence, we first apply reversible instance
normalization (RevIN) [25] to mitigate distributional shift
across samples. The normalized sequence is then decomposed
by SWT into a set of approximation and detail coefficients
corresponding to different frequency bands. Since different
frequency components exhibit distinct temporal characteristics
and information densities, we employ a frequency-adaptive
patching strategy in which the patch scale is inversely related
to the frequency level. Low-frequency components are parti-
tioned using coarser patches to capture long-term trends, while
high-frequency components are processed with finer patches
to preserve short-term fluctuations.

The resulting multi-scale patch representations are subse-
quently fed into a dual-level cross-frequency attention frame-
work. At the patch level, local interactions across different
frequency bands are enabled through cross-attention, followed
by a learnable alignment operation to unify patch dimensions
across scales. Following intra-level temporal mixing via patch-
wise MLPs, we apply wavelet-level cross-frequency attention,
augmented by learnable level embeddings, to facilitate global
feature fusion across all frequency components. Finally, the
fused features are projected to the prediction horizon, recon-
structed through inverse SWT, and transformed back to the
original data space via inverse RevIN.

B. Stationary Wavelet Transform

To capture multi-scale temporal patterns while avoiding the
time-shift problem inherent in standard discrete wavelet trans-
forms, FreqMixer adopts the SWT [26]. SWT decomposes
the input signal into a final-level approximation and detail
coefficients via low-pass and high-pass filters without down-
sampling, thereby preserving temporal alignment.

The decomposition is performed in a layer-wise manner,
where the approximation coefficients from the previous level
are further decomposed at the current level. To expand the
receptive field without introducing additional parameters, we
follow a dilated convolution strategy [27], in which the dilation
rate increases exponentially with the decomposition level.
Formally, the decomposition is defined as:

Aj [k] =
∑
n

h[n] ·Aj−1[k − r · n], (1)

Dj [k] =
∑
n

g[n] ·Aj−1[k − r · n], (2)

where h[n] and g[n] denote the low-pass and high-pass
filters, respectively, and r is the dilation rate at level j. To
reduce redundancy while preserving essential information, we
retain only the final-level approximation coefficient together
with all detail coefficients, forming a compact multi-frequency
representation of the input sequence.

C. Frequency-Adaptive Patching Strategy

Existing patch-based time series models typically rely on
fixed patch sizes and strides, which are insufficient to accom-
modate the heterogeneous temporal characteristics of different
frequency components. To address this limitation, we propose
a frequency-adaptive patching strategy in which the patch size
and stride are determined by the frequency level of wavelet
coefficients. Instead of using absolute patch configurations, our
design follows a scale-consistent principle that maintains a
stable ratio between patch granularity and the characteristic
temporal scale of each frequency band.

Specifically, low-frequency components associated with
long-term trends are partitioned using larger patches to maxi-
mize temporal coverage, whereas high-frequency components
with rapid fluctuations are processed using smaller patches
to preserve fine-grained local information. As illustrated in
Fig. 2, this hierarchical patching strategy aligns the granularity
of patch representations with the information density of each
wavelet level, thereby enhancing multi-scale modeling.

Since frequency-dependent patching leads to different num-
bers of patches across wavelet levels, direct tensor-wise oper-
ations are infeasible. Let Nm denote the number of patches
at frequency level m. To enable subsequent cross-frequency
interaction, all patch sequences are aligned to a unified target
length Ntarget = minmNm through linear interpolation along
the patch dimension. This interpolation establishes a contin-
uous mapping between the original and target patch indices,
ensuring temporal smoothness while avoiding information loss
caused by truncation or zero-padding.



Fig. 2. Patch alignment. Temporal continuity is maintained through linear
interpolation, and the interpolation results are further optimized using a
learnable feature adjustment layer and residual connections.

Although linear interpolation preserves temporal continuity,
it lacks adaptability to frequency-specific feature distributions.
To enhance alignment quality, we introduce a learnable align-
ment refinement mechanism that augments the interpolated
features with frequency-aware adjustments:

Faligned
m = F′m + λ · (φ(F′m) + ψ(F′m)) , (3)

where F′m denotes the interpolated patch features at level
m. The function φ(·) is implemented as a two-layer MLP
that adaptively refines feature representations according to
frequency characteristics, while ψ(·) is a position-aware linear
transformation designed to compensate for potential positional
information loss introduced by interpolation. The residual
weight λ is learnable and initialized with a small value, allow-
ing the model to shift from interpolation-dominated alignment
to frequency-adaptive refinement during training.

This alignment strategy retains the temporal continuity
advantages of linear interpolation while introducing learnable,
frequency-aware corrections, providing a unified and high-
quality patch representation for subsequent cross-frequency
attention and feature fusion.

D. Dual-Level Cross-Frequency Attention

The core of FreqMixer lies in its ability to explicitly
model interactions among heterogeneous frequency compo-
nents. Rather than treating each frequency band independently,
we introduce a dual-level cross-frequency attention mechanism
that enables structured information exchange at both local
(patch-wise) and global (wavelet-wise) scales.

The first stage operates at the patch level and serves as
the foundational phase of cross-frequency interaction. After
frequency-adaptive patching and alignment, patch sequences
from different wavelet levels are allowed to interact through
cross-frequency attention. For a given frequency level m, its
patch representations are used as queries, while the concate-
nated patches from all other frequency levels act as keys and
values:

Attn(Qm,K6=m, V6=m) = Softmax

(
QmK

T
6=m√
d

)
V6=m. (4)

This design enables large-scale, low-frequency patches to in-
corporate fine-grained information from high-frequency com-
ponents, while high-frequency patches gain access to broader
contextual cues from low-frequency trends. The attended fea-
tures are fused with the original patch representations via
residual connections and further processed by a patch-wise
MLP, which performs intra-level temporal mixing along the
patch dimension. This stage ensures that each patch represen-
tation integrates both cross-frequency information and same-
frequency temporal context.

The second stage operates at the wavelet level and focuses
on global cross-frequency fusion. After patch-level aggrega-
tion, each wavelet level is treated as a single semantic token
augmented with a learnable level encoding. Multi-head cross-
attention is then applied across frequency tokens to capture
complementary relationships between approximation and de-
tail coefficients in the feature dimension. Through this mech-
anism, low-frequency components receive corrective signals
for local variations from high-frequency components, while
high-frequency components are guided by long-term trend
information encoded in low-frequency representations. The
resulting features are further refined through a channel-wise
MLP and combined with the input via residual connections to
enhance representational stability.

Finally, the fused features are projected to the predic-
tion horizon and reconstructed through the inverse Stationary
Wavelet Transform:

Aj−1[k] =
1

2

(∑
n

h̃[n] ·Aj [k − r · n]

+
∑
n

g̃[n] ·Dj [k − r · n]
)
,

(5)

followed by inverse RevIN to obtain the final prediction.

IV. EXPERIMENTS

This section will present our experimental results, includ-
ing performance on long-term forecasting tasks and studies
from ablation experiments, to validate the effectiveness of the
proposed model and its related modules.

A. Long-term forecasting results

Setups. To comprehensively evaluate the effectiveness of our
model in long-term forecasting, we conducted experiments on



TABLE I
THE RESULTS OF LONG-TERM FORECASTING ARE PRESENTED WITH A LOOK-BACK LENGTH OF 96 FOR ALL TASKS. THE BEST RESULTS ARE

HIGHLIGHTED IN BOLD, WHILE THE SECOND-BEST RESULTS ARE UNDERLINED.

Models FreqMixer WPMixer SimpleTM TimeKAN TimeMixer iTransformer TSMixer TimesNet
(Ours) (2025) (2025) (2025) (2024) (2024) (2023) (2023)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
E

T
T

m
1 96 0.310 0.352 0.323 0.358 0.325 0.362 0.322 0.361 0.326 0.363 0.344 0.368 0.331 0.378 0.338 0.375

192 0.352 0.375 0.362 0.377 0.361 0.381 0.357 0.383 0.369 0.389 0.377 0.391 0.386 0.399 0.374 0.387
336 0.378 0.397 0.388 0.397 0.392 0.404 0.392 0.406 0.396 0.407 0.426 0.420 0.426 0.421 0.410 0.411
720 0.440 0.433 0.449 0.437 0.455 0.438 0.451 0.437 0.454 0.441 0.491 0.459 0.489 0.465 0.478 0.450

E
T

T
m

2 96 0.172 0.252 0.172 0.253 0.176 0.259 0.174 0.255 0.175 0.258 0.180 0.264 0.179 0.282 0.187 0.267
192 0.236 0.296 0.237 0.297 0.238 0.299 0.240 0.300 0.238 0.301 0.250 0.309 0.244 0.305 0.249 0.309
336 0.292 0.332 0.292 0.335 0.295 0.338 0.304 0.342 0.298 0.340 0.311 0.348 0.320 0.357 0.321 0.351
720 0.391 0.390 0.392 0.394 0.393 0.395 0.396 0.398 0.395 0.397 0.412 0.407 0.419 0.432 0.408 0.403

E
T

T
h1

96 0.364 0.391 0.371 0.395 0.366 0.393 0.367 0.395 0.387 0.400 0.386 0.405 0.387 0.411 0.384 0.402
192 0.414 0.419 0.427 0.418 0.422 0.421 0.414 0.420 0.441 0.430 0.441 0.436 0.441 0.437 0.436 0.429
336 0.455 0.439 0.469 0.437 0.446 0.442 0.452 0.435 0.518 0.474 0.487 0.458 0.507 0.467 0.638 0.469
720 0.447 0.454 0.464 0.455 0.475 0.470 0.476 0.465 0.490 0.474 0.503 0.491 0.527 0.548 0.521 0.500

E
T

T
h2

96 0.283 0.335 0.284 0.338 0.285 0.340 0.290 0.340 0.290 0.343 0.297 0.349 0.308 0.355 0.340 0.374
192 0.358 0.386 0.366 0.388 0.360 0.388 0.375 0.392 0.383 0.401 0.380 0.400 0.393 0.405 0.402 0.414
336 0.406 0.421 0.379 0.408 0.367 0.401 0.423 0.435 0.417 0.431 0.428 0.432 0.428 0.434 0.452 0.452
720 0.418 0.438 0.423 0.440 0.418 0.438 0.462 0.462 0.430 0.447 0.427 0.445 0.443 0.451 0.462 0.468

W
ea

th
er 96 0.161 0.207 0.165 0.206 0.162 0.207 0.162 0.208 0.166 0.212 0.174 0.214 0.175 0.247 0.172 0.220

192 0.206 0.248 0.210 0.248 0.208 0.249 0.208 0.252 0.209 0.250 0.221 0.254 0.224 0.294 0.219 0.261
336 0.263 0.290 0.265 0.289 0.265 0.290 0.264 0.291 0.264 0.293 0.278 0.296 0.262 0.326 0.280 0.306
720 0.343 0.340 0.340 0.338 0.341 0.342 0.338 0.341 0.349 0.346 0.358 0.347 0.349 0.348 0.365 0.359

E
le

ct
ri

ci
ty 96 0.150 0.241 0.151 0.242 0.148 0.242 0.175 0.258 0.153 0.247 0.148 0.240 0.190 0.299 0.168 0.272

192 0.164 0.255 0.164 0.254 0.151 0.248 0.182 0.273 0.166 0.256 0.162 0.253 0.216 0.323 0.184 0.322
336 0.181 0.272 0.180 0.271 0.173 0.267 0.197 0.286 0.185 0.277 0.178 0.269 0.226 0.334 0.198 0.300
720 0.219 0.307 0.220 0.306 0.200 0.294 0.236 0.320 0.225 0.310 0.225 0.317 0.250 0.353 0.220 0.320

six widely used real-world datasets, including ETTh1, ETTh2,
ETTm1, ETTm2, Weather, and Electricity.
Baselines and Evaluation. We compared FreqMixer with
seven recent time series forecasting methods, namely WP-
Mixer [23], SimpleTM [27], TimeKAN [28], TimeMixer [13],
iTransformer [21], TSMixer [22], and TimesNet [29]. Follow-
ing the practices of TSMixer and TimeMixer, all datasets were
normalized to have a zero mean and unit standard deviation.
The normalized datasets served as the foundation for ground
truth in our evaluations. For long-term forecasting, prediction
lengths were set to 96, 192, 336, and 720, consistent with
previous studies. During the training phase, mean squared
error (MSE) and mean absolute error (MAE) were used for
performance evaluation.
Results. The prediction results are shown in Table I. Lower
MSE and MAE values indicate higher prediction accuracy.
The experimental results demonstrate that FreqMixer performs
exceptionally well on low-dimensional datasets (e.g., ETTh1,
ETTh2, ETTm1, ETTm2, and Weather). On the ETTm1
dataset, our model reduced the MSE by 3.99%, 2.76%, 2.58%,
and 2.00% for prediction horizons of 96, 192, 336, and 720, re-
spectively, compared to the WPMixer model, thereby showcas-
ing its predictive advantages on low-dimensional time series
data. Furthermore, our model also exhibited strong robustness
and competitiveness on other low-dimensional datasets.

Beyond accuracy, FreqMixer also exhibits clear advan-
tages in parameter efficiency on high-dimensional datasets.

TABLE II
MODEL PARAMETERS ON THE ELECTRICITY DATASET UNDER DIFFERENT

PREDICTION LENGTHS.

T FreqMixer WPMixer SimpleTM iTransformer

96 282,081 3,921,842 842,344 4,833,888
192 319,041 4,093,970 867,016 4,883,136
336 374,481 4,352,162 904,024 4,957,008
720 522,321 5,040,674 1,002,712 5,154,000

As shown in Table II, FreqMixer requires substantially fewer
parameters on the Electricity dataset while maintaining com-
petitive forecasting performance. This efficiency stems from its
channel-decoupling design combined with frequency-adaptive
segmentation and lightweight cross-frequency attention, which
enables effective information interaction across frequency
branches without excessive parameter growth.

In contrast, SimpleTM embeds all variables into a shared
latent space, which inevitably dilutes the representational
capacity allocated to each variable as the number of variables
grows, thereby requiring a rapid increase in model dimension-
ality and parameter size. Conversely, WPMixer decomposes
the task into independent univariate frequency branches. While
this design isolates frequency-specific features, it also induces
localized learning and structural information silos due to
the absence of sufficient cross-scale interactions, leading to
redundant parameterization across branches.



TABLE III
ABLATION STUDY. THE AVERAGE MSE/MAE WITH DIFFERENT PREDICTION LENGTHS WAS USED FOR EVALUATION.

ETTh1 ETTh2 ETTm1 ETTm2

MSE MAE MSE MAE MSE MAE MSE MAE

FreqMixer 0.420 0.426 0.366 0.396 0.370 0.389 0.273 0.318
w/o SWT 0.459 0.436 0.387 0.406 0.397 0.399 0.285 0.333
w/o Frequency-Adaptive Patching Strategy 0.433 0.431 0.374 0.402 0.379 0.397 0.275 0.321
w/o Patch-Level Cross-Frequency Attention 0.436 0.433 0.378 0.404 0.375 0.392 0.276 0.322
w/o Wavelet-level Cross-Frequency Attention 0.439 0.432 0.377 0.401 0.382 0.397 0.277 0.324
w/o Attention 0.449 0.436 0.382 0.404 0.395 0.396 0.287 0.329

We further analyze the sensitivity of FreqMixer to the
number of wavelet decomposition levels. As illustrated in
Fig. 3, model performance varies systematically with the de-
composition depth, particularly for longer prediction horizons,
indicating that an appropriate frequency hierarchy is crucial for
balancing global trends and fine-grained dynamics.

Fig. 3. The performance of FreqMixer varies with the number of decomposi-
tion levels m. Among them, 96, 192, 336, and 720 are the prediction lengths
of the model.

B. Ablation Study

We conducted extensive ablation studies using the ETT
dataset to evaluate the individual contribution of each module
in the model. The specific results are shown in Table III.

Stationary Wavelet Transform. In ablation studies, remov-
ing the SWT module leads to a significant increase in error,
and the number of decomposition levels, m, is an important
hyperparameter affecting accuracy, requiring optimization for
different datasets and prediction lengths.

Frequency-Adaptive Patching Strategy. Removing the
frequency-adaptive patching strategy leads to a significant in-
crease in prediction errors. Specifically, on the ETTh2 dataset,
the MSE increases by approximately 2.19%, and the MAE
increases by 1.36%. This demonstrates the effectiveness of
this strategy in handling different frequency components and
capturing the global trends and local variations of time series.

Dual-Level Cross-Frequency Attention Mechanism. To
further examine the role of attention mechanisms, Fig. 4
reports the performance impact of removing different at-
tention components on ETTh1. Removing either the patch-

Fig. 4. The performance of the model on the ETTh1 dataset after removing
different attention mechanisms.

level or wavelet-level attention increases prediction errors,
while removing both leads to the most severe degradation.
This demonstrates that effective cross-frequency interaction
requires joint modeling at both patch and wavelet levels.

V. CONCLUSION

In this study, we propose an efficient long-term time series
forecasting model for multivariate time series. The FreqMixer
model utilizes multi-level wavelet decomposition to capture
information in both the time and frequency domains of the
time series. It then employs an adaptive patching strategy
and a dual cross-frequency attention mechanism to further
enhance information interaction between different frequencies,
thereby improving forecasting performance. Our experimental
results demonstrate that our model, FreqMixer, is competitive
compared to existing baseline models and holds significant
potential for broad applications in time series analysis.
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