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Abstract: With the advancement of technology, multi-channel time series prediction tasks have become a focal point of research. However, due to
the complex and intertwined correlations between channels, it is challenging to model their interactions accurately and flexibly. Furthermore, most
existing methods typically model data from either the time domain or frequency domain alone, leading to inefficient utilization of information.
To overcome these challenges, we introduce MCCWT-Net, a multi-channel time series forecasting framework built upon the wavelet transform.
Unlike transformer-based models, MCCWT-Net does not rely on self-attention mechanisms, resulting in a more efficient training process. The
wavelet transform, when applied in the frequency domain, can be used to extract and reflect features with predictability (such as periodicity)
and act as a filter to reduce noise, instead of relying solely on raw historical data. Our model incorporates a specific number of channels and,
while modeling long-term features, effectively captures inter-channel correlation information in the frequency domain through wavelet transform,
combining it with information from the time domain. Experimental results demonstrate that our model achieves advanced performance across

multiple datasets.
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1. Introduction

Time series forecasting [1-10] provides estimates of future trends
or events [11, 12], allowing practitioners to make informed decisions
in advance. Owing to this capability, it has become an essential
technique in numerous scientific and engineering applications. Typical
applications include predicting the remaining useful life of industrial
machinery [13, 14], estimating future disease trends [15, 16], weather
forecasting [17-19], energy consumption management [20-24], traffic
flow prediction, and financial investment. In recent years, transformers
have demonstrated outstanding performance across numerous domains,
especially in time series forecasting, where accurately capturing long-
term dependencies and complex temporal patterns is essential. This
success can largely be attributed to their encoder—decoder architecture
and powerful attention mechanisms, which allow the model to
selectively focus on the most relevant parts of an input sequence rather
than relying solely on sequential processing. By dynamically assigning
importance weights to different time steps, transformers can effectively
model both short-term fluctuations and long-range temporal correlations
among data points. Such capabilities make them particularly well suited
for forecasting tasks involving multivariate data, irregular patterns, and
nonlinear dynamics. Furthermore, the parallel computation enabled
by the attention mechanism significantly improves training efficiency
compared with traditional recurrent structures, allowing transformers
to scale effectively to large datasets and high-dimensional inputs. As a
result, they have achieved remarkable success in a wide range of real-
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world applications, including energy consumption prediction, traffic
flow analysis, financial trend modeling, and weather forecasting. These
advantages have led to their widespread adoption among researchers
and practitioners who continue to explore improved architectures,
hybrid designs, and domain-specific adaptations to further enhance
forecasting accuracy and robustness.

Time series prediction tasks [5, 6], such as weather forecasting,
power demand prediction, and financial forecasting, can assist
individuals in making better decisions by providing insights into future
trends. Nonetheless, time series forecasting poses significant challenges
because real-world sequences usually lack stationarity and are prone
to noise interference [1]. In addition, time series prediction, especially
multivariate time series forecasting, often involves interdependencies
between variables. Modeling the correlations between these variables
presents a formidable challenge.

The PatchTST [25] model draws inspiration from Vision
Transformer [26], partitioning temporal datainto patch-like subsequences
and employing these segments as token inputs for transformer-based
frameworks. Following the channel-independent setup in References
[27, 28], it achieves excellent performance. Recently, simple channel-
independent linear models, such as Dliner [27], have been designed,
achieving comparable performance to transformer-based solutions.
Furthermore, transformer-driven approaches for temporal forecasting,
such as Informer [29], Autoformer [30], Reformer [31], and Pyraformer
[32], do not explicitly model the channels in time series data. This
neglect of inter-channel relationships can lead to information loss
because channels are evidently highly correlated in certain datasets [10].
This paper models the relationships among variables from a frequency-
domain perspective because frequency-domain methods have inherent
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advantages over time-domain approaches. First, channel modeling in
the frequency domain naturally separates high-frequency noise [1],
thereby improving the quality of feature representations. Second, the
ability of the frequency domain to capture periodic patterns is typically
much stronger than that of the time domain [10, 33-35]. In the time
domain, periodicity must be expressed through waveform repetition,
requiring the model to remember such repetitions over long temporal
spans. In the frequency domain, however, periodic signals correspond
to distinct peaks in the spectrum, making periodic structures much
easier to identify and model.

To model the complex and highly coupled correlations among
different variables and to fully leverage information from both the
frequency and time domains, thereby improving overall information
utilization, we introduce a non-transformer architecture, called
MCCWT-Net, a multi-channel time series forecasting framework built
upon the wavelet transform. In this paper, we decompose time series
prediction into a trend component and a seasonal component through
sequence decomposition. The trend component is relatively easy to
predict, so we use a multi-layer perceptron (MLP) for this task. For
the seasonal component, due to the complexity among variables, we
adopt wavelet transform to model the relationships between various
variables in the time series prediction task in the frequency domain
and subsequently integrate it with time-domain information to
forecast seasonal patterns, thereby improving prediction performance.
Experiments show that despite its low computational complexity
and small number of parameters, our method achieves excellent
performance, outperforming seven time series prediction methods on
five datasets. Ablation experiments also verify the effectiveness of our
method.

2. Method

2.1. Problem statement

Time series forecasting [2] may be formalized by considering a
look-back interval of length L, where the input corresponding to time ttt
iswritten as X;_ry1.4 = {®t_r+1,- - -, %+ }, While the model aims to predict
the future sequence X;_r 1.0, Where O denotes the prediction horizon.
In long-term forecasting scenarios, O is generally larger than L(O > L).

2.2. Model architecture

As depicted in Figure 1, MCCWT-Net employs a sequence
decomposition strategy to achieve efficient time series forecasting. At
the beginning, a moving average operation is employed to suppress
short-term variations while capturing the long-term trend. For an input
time series X € R”C, the procedure is described as follows:

Xtrend = AngOOl(Padding (X) ) kernel ( 1 )

Figure 1
MCCWT-Net architecture diagram
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In this formulation, Xirend and Xseasonal € RY xC correspond to
the trend and seasonal components of the time series, respectively.
The AvgPool operation is applied with proper padding to maintain the
same output length as that of the input sequence. The decomposed trend
component is passed through the non-periodic signal learner, which
transforms it into the trend prediction Yienq for the output sequence.
Following the smoothing operation, the trend part can be regarded as
a stable and slowly varying signal, which is generally easier to model
than the seasonal part characterized by strong periodic fluctuations.
Hence, a single MLP layer is employed to estimate the trend component,
formulated as:

}/trend =W-. Xtrend +b. (3)

In this context, Xirend and Yirena denote the input and target
sequences used for forecasting the trend component, respectively. W
denotes the weights assigned to the MLP, while b is the bias in the MLP
layer. Conversely, the seasonal component exhibits rapid variations and
short-term randomness, and the model requires higher resolution and
more complex modeling techniques; otherwise, it cannot effectively
simulate the time series.

Recent studies suggest that the variables in the seasonal component
of time series often show significant inter-variable correlations.
Nevertheless, most channel-independent models employ identical
parameters for all channels, neglecting the diversity of inter-channel
relationships. While such parameter sharing simplifies model design, it
overlooks the distinct behavior of each channel and consequently limits
performance, particularly when channel dependencies are weak or vary
significantly across the dataset.

To overcome the above limitations, we introduce a multi-channel
wavelet transform enhancement module (MWTEM) designed for long-
range time series prediction. The proposed module integrates features
from the time and frequency domains to model the inter-channel
correlations of the seasonal component in the time series. By feeding
the seasonal component into the MWTEM, the resulting output Xeasonal
is produced. Finally, Xgeasonal 1S added to Xirend, resulting in the final
output of our model for time series prediction.

2.3. Discrete wavelet transform (DWT)

Due to its compact support, binary formulation, and orthogonal
properties, the Haar wavelet transform [36, 37] has been widely
adopted in applications such as image compression, edge detection, and
digital logic design. The first-level one-dimensional Haar wavelet and
its corresponding scaling function can be expressed as follows:

¢1(i€)=\}§¢ o(z) + %45 1(z)
Yi(z) =

12¢ 1o(z) — \/1—¢1 1(w) )
Here, ¢;x(z) can be defined as:
bjk(z) = \/—¢(21$ - ) =0,1,--,2/ - L. 5)

Here, j refers to the Haar basis level, and & specifies the index of
the corresponding basis function. In addition, the definition of ¢g(z)
[37] is:

0, <0
$oo(z) = go(x) =41, 0<z<lk=2/ -1 (6)
0, z>1
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Thus, the level-1 Haar transform can be represented in terms of
the level-0 Haar basis function:
{¢1($) = ¢o(2z) + ¢o(2z — 1) 7
¥1(z) = po(22) — ¢o(22 — 1)

This indicates that the input signal is divided into two parts,
each of which is downsampled to half of its original size, but the
overall length remains unchanged. This suggests that the structure of
the wavelet transform is lossless. The two components can be viewed
as corresponding to low-pass and high-pass filtering operations. The
low-pass filter isolates the low-frequency part of the signal, which
describes the global trend or smooth regions, while the high-pass filter
emphasizes the high-frequency part, highlighting abrupt variations and
detailed structures.

Here, we provide a mathematical explanation for why wavelet
transform is effective in modeling inter-channel relationships in time
series forecasting.

a(t) = 22, 22 W(s, m)s (1), ®)

where z(t) is the original time-domain signal, s denotes the scale, 7
represents the translation in time, determining the position of the
wavelet along the time axis, ¥s,7(t) is the wavelet basis function, and
W(s,7) is the wavelet coefficient. The wavelet transform decomposes a
signal into multiple scale components, allowing the model to capture
both high-frequency fluctuations and low-frequency trends. Modeling
channel correlations on these decomposed components enables the
network to learn cross-variable dependencies at different frequency
scales.

2.4. Multi-channel wavelet transform enhancement
module MWTEM)

In Figure 1, the detailed internal structure of our MWTEM
module can be seen. The workflow of MWTEM can be described as
follows:

V0, V1 - Un—1 = Splt(X¢_r414) )
Freq’ = DWT; (v’) (10)

Freq = stack(Frer, Freq',... ,Freq"’l) (11)
Fe = o(Wyd(W1Freq)) (12)
9(Xt-r414) = For (13)

Xervro = F(Xe-ra1e - 9(Xi-p111))- (14)

The process starts by decomposing the input matrix X € RV*E
into n channel-specific vectors {vg,v1,...,Us-1} € R through a split
along the channel dimension, with n representing the total channel count.
The underlying motivation for conducting channel decomposition is
that when using the wavelet transform to extract frequency information
from the entire sequence, the information within each channel might
not be extracted independently, potentially leading to distortion due to
interference from other channels.

Next, a wavelet transform [36, 37] is applied to each channel
component. The application of the wavelet transform yields both high-
frequency and low-frequency outputs, resulting in a twofold increase
in channels and a corresponding reduction of the sequence length

by 50%, so that the dimension becomes R?**/2, However, the total
amount of information remains unchanged. Therefore, we perform
upsampling on the channel components after the wavelet transform to
restore the original sequence length, resulting in a dimension of R?*%/?
. As presented in Equation (11), the frequency channel vectors are
concatenated along the channel axis to form the tensor Fre € RV*E,
A fully connected module is then employed to learn the cross-channel
relationships in the frequency domain, resulting in Fer € R¥*L, By
performing this step, the model uncovers the frequency interactions
present across channels. It then outputs the corresponding frequency-
adaptive weight vector, denoted as F cr or g(z), conditioned on the
input data.

The process concludes by computing the element-wise product
of the input sequence and the frequency correlation tensor, producing
a weighted representation, so that the dimension is still RV*L,
Consequently, the network can adapt to the frequency-domain features
of the input without requiring the extra computation associated with
an inverse transform. To control the output length for prediction, this
weighted representation is further projected through a fully connected
layer f{x), resulting in the seasonal forecast Yieasonas € RV*?, where O
denotes the prediction horizon. In this way, MWTEM can capture fine-
grained frequency-domain information for each channel independently,
minimizing interference from other channels. Subsequently, an MLP
is applied to model the frequency characteristics of each channel,
facilitating interactions among channels and integrating latent frequency
features. An adaptive weight vector, derived from the frequency-domain
information of the input, is thus computed. The vector is then multiplied
element-wise with the input and processed through a linear projection
to generate the ultimate output of the network.

Consequently, the proposed approach strengthens the model’s
capacity to capture and represent frequency-domain features while
combining them with temporal information, resulting in improved
prediction accuracy.

2.5. Loss function

MSE intuitively measures the discrepancy between predictions
and ground truth, and its continuous differentiability ensures smooth and
stable gradients that facilitate optimization. Therefore, we adopt MSE as
the loss function in this work. The loss function is defined as follows:

L(Y, ?) = ﬁ Zli‘l (y(i) - ﬁ(i))2» (15)

where ¥ denotes the model’s predictions and Y represents the
corresponding ground-truth values.
3. Experiments

3.1. Experimental settings

We evaluated our approach on five real-world multivariate time
series datasets, summarized in Table 1. We compared our method,

Table 1
Statistics of datasets

Dataset Total variables Sample rate Total records
Electricity 321 lh 26304
ETTml1 7 15 min 69680
Exchange 8 1 Day 7588

Traffic 862 1h 17544
Weather 21 10 min 52695
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MCCWT-Net, with several other approaches, including LSTM [38],
Informer, FEDformer [33-35], Autoformer, LightTS [39], DSformer,
and iTransformer, to evaluate its performance. Below is a description
[40] of the datasets used in our experiments:

Electricity: Hourly electricity consumption data for 321
customers, covering the period between 2012 and 2014, are provided.

ETTm1: Itincludes 15-min interval measurements of transformer
power load and oil temperature collected between 2016 and 2018.

Exchange: It contains daily currency exchange data for eight
nations collected between 1990 and 2016.

Traffic: It includes hourly records of highway traffic occupancy
collected by 862 sensors in the San Francisco Bay Area between 2015
and 2016.

Weather: It provides time-series data of 21 weather-related
variables collected every 10 min at the Max Planck Institute for
Biogeochemistry.

The input sequence length was set to 7' = 96, and prediction
horizons were chosen from S € {96,192,336,720}. Normalization was
applied independently to individual time slots to avoid information
leakage across the dataset. In addition, to ensure training reproducibility,
we enabled deterministic training during the training process. This
setting ensures that on our device, the training results remain exactly
the same as long as no other settings are changed. Evaluation was
conducted using MSE [41] and MAE [42] metrics. Experiments were
executed on a single NVIDIA RTX 4090 GPU (24 GB) with PyTorch
[43], ensuring reproducibility. This consistent setup allows for direct
comparison of results, minimizing variability and ensuring that
performance differences are attributable to the methods being tested,
rather than experimental conditions.

3.2. Comparative study

Multivariate long-term forecasting experiments are more
challenging than univariate ones and provide a better test of a model’s
predictive performance in complex environments. Our multivariate
long-term forecasting experimental results are displayed in Table 2. As
shown, our proposed model, MCCWT-Net, achieves advanced results
across nearly all benchmarks and prediction horizons, demonstrating
both its effectiveness and stability. Specifically, MCCWT-Net achieved
the best performance on the Traffic and Electricity datasets, while on
the Weather dataset, it performed best for prediction horizons of 336
and 720. On the ETTmIl dataset, it excelled at prediction horizons of
96, 192, and 336. For other prediction lengths, although we did not
achieve the absolute best performance, the results indicate that we
attained the second-best or still competitive performance. Moreover,
as the prediction horizon increased, our model consistently exhibited
strong stability. For example, compared to MCCWT-Net, LSTM
showed a sharp increase in prediction error on the Weather dataset as
the prediction length grew. Specifically, the MSE for a prediction length
of 720 increased by 77.94% compared to a prediction length of 96,
while MCCWT-Net’s MSE only grew by 13.44%. The findings indicate
that our model is highly capable of accurately forecasting multivariate
time series over extended horizons. Table 3 also presents an evaluation
of its computational efficiency. Our model demonstrates a balance
between computational efficiency and model complexity. Compared
with iTransformer [44] and DSformer [45], our model achieves higher
computational efficiency and better performance. On the Electricity
dataset, our model surpasses iTransformer in overall performance while
using only 4.8% of its FLOPs and 25.1% of its parameters.

Table 2
Results for multivariate long-term forecasting are shown, with the top-performing value highlighted in bold black, the second-best in
red, and a dash (-) indicating that the model does not apply to the dataset

Models Ours LSTM Informer

FEDformer

Autoformer LightTS DSformer iTransformer

Metric MSE MAE MSE MAE MSE MAE MSE

MAE MSE MAE MSE MAE MSE MAE MSE MAE

96

192
336
720

0.475
0.485
0.501
0.539

0.327
0.335
0.343
0.364

0.843
0.847
0.853
1.500

0.453
0.453
0.455
0.805

0.719 0.391
0.696 0.379
0.777 0.420
0.864 0.472

0.587
0.604
0.621
0.626

Traffic

0.366
0.373
0.383
0.382

0.613 0.388
0.616 0.382
0.622 0.387
0.660 0.408

0.615 0.391
0.601 0.382
0.613 0.386
0.658 0.407

0.532 0.344
0.557 0.355
0.580 0.383
0.624 0.380

0.554 0.358
0.541 0.344
0.551 0.358
0.591 0.379

96

192
336
720

0.175
0.217
0.267
0.334

0.228
0.271
0.315
0.368

0.369
0.416
0.455
0.535

0.406
0.435
0.454
0.520

0.847 0.752
1.204 0.895
1.672 1.036
2478 1.310

0.217
0.276
0.339
0.403

Weather

0.296
0.336
0.380
0.428

0.266 0.336
0.307 0.367
0.359 0.395
0.419 0.428

0.182 0.242 0.143 0.197
0.227 0.287 0.276 0.299
0.282 0334 0329 0.331

0.352 0.386 - -

0.174 0.214
0.219 0.254
0.278 0.296
0.349 0.398

96

192
336
720

0.159
0.174
0.191
0.222

0.261
0.275
0.294
0.320

0.375
0.442
0.439
0.980

0.437
0.473
0.473
0.814

0.274 0.368
0.296 0.386
0.300 0.394
0.373 0.439

0.193
0.201
0.214
0.246

Electricity

0.308
0.315
0.329
0.355

0.201 0.317
0.222 0.334
0.231 0.338
0.254 0.361

0.207 0.307 0.195 0.274
0.213 0316 0.197 0.279
0.230 0.333 0.215 0.292
0.265 0.360 0.265 0.349

0.198 0.277
0.192 0.277
0.218 0.299
0.262 0.337

96

192
336
720

0.087
0.161
0.339
0.763

0.214
0.296
0.433
0.661

1.453
1.846
2.136
2.984

1.049
1.179
1.231
1.427

0.847 0.752
1.204 0.895
1.672 1.036
2478 1.310

0.148
0.271
0.460
1.195

Exchange

0.084 0.202
0.175 0.298
0.361 0.435
0.846  0.693

0.278
0.380
0.500
0.841

0.197 0.323
0.300 0.369
0.509 0.524
1.447 0.941

0.116 0.262 0.170 0.320
0.215 0359 0.335 0.450
0.377 0.466 0.652 0.641
0.831 0.699 - -

96

192
336
720

0.327
0.327
0.405
0.489

0.369
0.369
0.420
0.480

0.863
1.113
1.267
1.324

0.664
0.776
0.823
0.858

0.672 0.571
0.795 0.669
1.212 0.871
1.166 0.823

0.379
0.426
0.438
0.543

ETTml

0.419
0.441
0.438
0.490

0.505 0.475
0.553 0.496
0.445 0.459
0.671 0.561

0.374 0.400 0.336 0.389
0.400 0.407 0.392 0.399
0.621 0.537 0.456 0.440
0.527 0.502 0.487 0.494

0.346  0.380
0.381 0.395
0.419 0.425
0.486 0.456
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Table 3
Comparison of model efficiency on the Weather and Electricity
datasets for a prediction horizon of 336. FLOPs indicate the total
floating-point operations, while Params refer to the number of
model parameters

Weather Electricity
Methods FLOPs (M) Params (M) FLOPs (M) Params (M)
Ours 4.7 0.2 201.0 1.6
iTrans- 274.0 6.5 4188.0 6.5
former
DSformer 46.0 241.0 960.0 858.0

3.3. Ablation study

Ablation experiments were performed to assess the contributions
of the DWT and the channel relationship modeling (CR) within the
MCCWT-Net framework. Figures 2 and 3 summarize the results of our

Figure 2
The ablation study results on the Electricity dataset, where “w/o
CR+DWT?” refers to the model without channel relationships and
discrete wavelet transform, and “w/o DWT?” refers to the model
with only the absence of the discrete wavelet transform
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Figure 3

The ablation study results on the Weather dataset, where “w/o
CR+DWT?” refers to the model without channel relationships and
discrete wavelet transform, and “w/o DWT?” refers to the model
with only the absence of the discrete wavelet transform
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ablation experiments for different prediction lengths on the Weather and
Electricity datasets.

The experimental results show that removing both DWT
and CR leads to the highest prediction errors. Retaining CR while
removing DWT further improves prediction accuracy, demonstrating
that modeling the relationships between variables in multivariate
time-series data is a key technique for enhancing prediction accuracy.
When both CR and DWT are retained, the lowest prediction errors
and the highest prediction accuracy are achieved across all prediction
lengths, confirming the synergistic effect of modeling inter-variable
relationships and using wavelet transforms to capture frequency
dependencies. It is worth noting that the Weather dataset contains
21 variables, while the Electricity dataset includes as many as 321
variables, resulting in substantial differences in data complexity and
inter-variable interactions between the two benchmarks. The relatively
smaller number of variables in the Weather dataset limits the diversity
of cross-channel dependencies that can be exploited during feature
learning. In contrast, the Electricity dataset exhibits significantly
higher dimensionality, where each variable corresponds to a distinct
electricity consumption pattern, often influenced by shared temporal
trends such as daily cycles, seasonal variations, and collective demand
fluctuations. This high-dimensional setting naturally introduces richer
and more intricate relationships among variables, including both
strong correlations and subtle complementary patterns. Consequently,
the synergy brought by modeling inter-channel dependencies becomes
more pronounced in the Electricity dataset. In particular, the application
of wavelet transforms enables the model to analyze signals across
multiple frequency bands, effectively capturing both global trends and
localized variations across channels. Such multi-scale representations
enhance the model’s ability to exploit cross-variable correlations
and suppress noise, thereby improving forecasting performance.
Therefore, the richer relational structure inherent in the Electricity
dataset makes the use of wavelet-based channel relationship modeling
more effective and beneficial compared with datasets containing fewer
variables.

3.4. Forecasting results visualization

In the experiments on the Electricity dataset, we fixed the input
sequence length and varied the prediction horizons, visualizing the
long-term forecasting outcomes of MCCWT-Net in Figures 4-7.
The results indicate that MCCWT-Net consistently outperforms

Figure 4
Forecasting results on the Electricity dataset (input: 96,
prediction: 96)
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Figure 5
Forecasting results on the Electricity dataset (input: 96,
prediction: 192)
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Figure 6

Forecasting results on the Electricity dataset (input: 96,
prediction: 336)
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Figure 7
Forecasting results on the Electricity dataset (input: 96,
prediction: 720)
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baseline methods across all prediction lengths, effectively capturing
complex periodic patterns and long-range dependencies. The
superior performance mainly stems from the model’s capability to
incorporate frequency-domain information, which helps in capturing
heterogeneous frequency patterns among variables. Furthermore,
by learning inter-channel relationships, MCCWT-Net can more
accurately represent the effects of different variables on the target
variable, resulting in a more informative representation of the
multivariate time series.

4. Conclusion

This paper proposes a non-transformer architecture, MCCWT-
Net, which is a multi-channel time series forecasting framework that
integrates wavelet transform with a channel modeling mechanism.
The model innovatively captures inter-variable dependencies in the
frequency domain and fuses frequency-domain representations with
temporal information, thereby enhancing multivariate modeling
capability. The effectiveness of MCCWT-Net primarily stems from two
aspects. First, the wavelet transform extracts periodic and predictable
components in the frequency domain while suppressing high-frequency
noise, enabling the model to better capture complex temporal patterns.
Second, the channel modeling mechanism explicitly learns inter-variable
dependencies within the frequency domain, avoiding the information
loss commonly observed in channel-independent approaches. This
frequency—time fusion strategy allows the model to exhibit stronger
robustness and generalization ability when dealing with highly dynamic
and non-stationary sequences.

Compared with recent mainstream channel-independent
approaches (e.g., DLinear), MCCWT-Net explicitly models cross-
variable correlations in the frequency domain, leading to superior
long-term forecasting performance on datasets characterized by
strong coupling and high variability. Relative to frequency-enhanced
models such as FEDformer, the proposed framework maintains a
simpler architectural design, resulting in fewer parameters and higher
computational efficiency, while achieving stable performance across
multiple benchmarks.

Despite its strong empirical results, MCCWT-Net still
has certain limitations. Although our model outperforms seven
baseline methods across five datasets, there remains a performance
gap compared with the latest state-of-the-art models. In addition,
the current architecture is relatively simple and does not
incorporate transformer-based modules, which—despite their
higher computational cost—are known to substantially improve
modeling capacity. Therefore, future work will focus on integrating
transformer-based mechanisms to model inter-variable relationships
in the frequency domain and further narrow the performance gap
with recent advanced approaches.
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