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Abstract

Time series analysis is of critical importance in a wide range of applications, including weather
forecasting, anomaly detection, and action recognition. Accurate time series forecasting requires
modeling complex temporal dependencies, particularly multi-scale periodic patterns. To address this
challenge, we propose a novel Wavelet-Enhanced Transformer (Wave-Net). Wave-Net transforms 1D
time series data into 2D matrices based on periodicity, enhancing the capture of temporal patterns
through convolutional filters. This paper introduces Wave-Net, a model that incorporates wavelet and
Fourier transforms for feature extraction, along with an enhanced cycle offset and optimized dynamic
K for improved robustness. The Transformer layer is further refined to bolster long-term modeling
capabilities. Evaluations on real-world benchmarks demonstrate that Wave-Net consistently achieves
state-of-the-art performance across mainstream time series analysis tasks.

Keywords: Wave-Net; wavelet transform; Fourier transform; dynamic K selection; the Transformer
layer

1. Introduction
Time series analysis is of immense importance in extensive applications and action recognition.

Such applications include forecasting meteorological factors for weather prediction [1]; detecting
anomalies in monitoring data for industrial maintenance [2]; imputing missing data for data analysis
[3]; and classifying trajectories for action recognition [4]. Time series analysis has received great
interest owing to its immense practical value [5]. Time series are continuous records that only save
some scalars at each time point, unlike other types of sequential data, such as language, images, and
videos. Typically, a single time point does not provide enough semantic information. Therefore, many
studies focus on changes over time, which contain more information and can reflect the intrinsic
properties of time series, such as continuity, periodicity, and trends. However, changes in time series
in the real world are always complex. They involve multiple changes, such as increases, decreases,
and fluctuations that mix and overlap. This makes time change modeling extremely challenging,
especially when it comes to accurately measuring and analyzing the effects of time change on various
systems and processes. In the domain of deep learning, the advanced nonlinear modeling capabilities
of deep models have led to the development of numerous methods that researchers have employed
to capture the intricate dynamic properties of real-world time series. Early approaches primarily
employed recurrent neural networks (RNNs) to model time-series dependencies based on Markov
assumptions[6] [7]. However, RNN-like models face challenges in effectively capturing long-term
dependencies and are constrained by the limitations of sequential computation. Another class of
approaches utilizes temporal convolutional networks (TCNs) to extract local patterns [8][9]. However,
the locally-aware nature of their one-dimensional convolutional kernel leads to limited long-term
dependency modeling capabilities. In recent years, Transformer-based architectures have achieved
significant advances in sequence modeling through the utilization of the global attention mechanism
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[9]. In the domain of time series analysis, researchers have enhanced the attention mechanism to
capture global dependencies.

As demonstrated in the studies conducted by Zhou et al. [10] and Liu et al. [11], sparse aattention
variants serve to reduce computational complexity. Attention mechanisms operating within the
frequency domain [12] [13] have been shown to enhance the capture of periodic patterns. Hierarchical
temporal modeling is a methodology used to disassociate intricate temporal patterns.

However, given that temporal dependencies frequently become obscured by noise and multiscale
patterns present in real-world scenes, standard attentional mechanisms often encounter difficulties in
reliably recognizing deep dependencies directly from the original time points[14].

We observe that real-world time series typically exhibit multiple periodicities, such as daily and
annual variations in weather observations, as well as fixed-interval traffic flow prediction. These
multiple periods overlap and interact with each other. We refer to these two types of time variation as
intra-period variation and inter-period variation, respectively. The former denotes short-term temporal
patterns within cycles, while the latter reflects long-term trends over successive periods. For time
series without a clear periodicity, the variation will be dominated by inter-period variation. To tackle
the intricacies of time variation, we analyze the time series in a new dimension of multi-periodicity.

Based on the motivation above, the multi-periodicity of time series is discovered, and the corre-
sponding time-varying modular architecture is captured. Specifically, intra-periodic and inter-periodic
variations in 2D space can be further captured by parameter-efficient residual blocks adaptively. This
study aims to address the challenges in adaptive multi-period time series forecasting by proposing a
Wavelet-Enhanced Transformer (Wave-Net) framework. The development of Wave-Net is inspired
by the superior performance of the TimesNet architecture [15]. Our contribution summarizes three
aspects:

1. Combine the wavelet transform and the Fourier transform for feature extraction, and enhance
the cycle offset.

2. The hyperparameter K (number of cycles selected) is dynamically learnable and not just based
on the amplitude of selecting the first K cycles.

3. Use a Transformer layer to further improve model performance on complex time series
forecasting or analysis tasks, enhancing the ability to capture long-term dependencies and complex
patterns.

2. Related Work
Time-varying modeling has been well explored in the field of time series as a key issue in time

series analysis. Many traditional methods have been proposed, such as the Box-Jenkins method [16],
structural decomposition models (e.g., STL [17] ), and financial volatility frameworks (e.g., GARCH
[18] ). However, the complexity displayed by real-world time series limits their utility in dynamic
applications.

In recent years, deep learning methods for time series modeling have emerged, mainly includ-
ing representative models based on MLP, TCN, and RNN. MLP-based methods apply a multilayer
perceptron in the time dimension and solidify temporal dependencies in the fixed weight parameters
of the MLP layer. The TCN-based approach utilizes a convolutional kernel that slides along the
time dimension to capture temporal patterns in the sequence. RNN-based approaches implicitly
model the dynamics of the sequence by passing hidden states between time steps through a recursive
structure. However, these classical paradigms, while effective, fail to explicitly model and exploit the
periodicity-driven changes in the two-dimensional time structure proposed in this paper.

In addition, to deal with complex temporal patterns, Autoformer[1] also proposed a deep decom-
position architecture to obtain the seasonal and trend portions of the input series. Later, FEDformer
[19] employs an expert hybrid design to enhance the seasonal trend decomposition and presents
sparse attention in the frequency domain. Unlike the previous single-period extraction methods, we
unravel the intricate temporal patterns by introducing wavelet transform and the Fourier transform for
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time-frequency conversion, exploring the multi-periodicity of the time series, dynamically adjusting
the learnable K-values to optimize the model performance, and finally utilizing the self-attention
mechanism to capture the intricate and dynamic long-term dependencies and global patterns spanning
the entire length of the series and to incorporate the multiscale information.

3. Methodology
Given a time series X containing D variables or channels, the goal of time series forecasting is to

predict the next H future steps based on past observations of length L, mathematically represented as
follows:

Input: Xt−L+1:t ∈ RL×D

Output: X̄t+1:t+H ∈ RH×D (1)

Xt−L+1:t denotes the data series from time t − L + 1 to time t, which is the matrix of past ob-
servations with the shape of RL×D. X̄t+1:t+H denotes the data series from time t + 1 to time t + H,
which is the matrix of future predicted values with the shape of RH×D. The inherent periodicity in
the time series is the basis for accurate forecasting, especially when predicting over large horizons
such as 96–720 steps (equivalent to days or months). To improve model performance in long-term
prediction tasks, we propose a new model. The proposed method combines the wavelet transform and
the Fourier transform to form a simple yet powerful approach.

3.1. The Wavelet Transform and the Fourier Transform

First, the Fourier transform is a frequency domain analysis method, which is based on the idea
of the Fourier series and represents a signal as a linear combination of a series of sine and cosine
functions of different frequencies. The Fourier transform converts a signal from the time domain to
the frequency domain. This process involves losing all information in the time domain. It produces a
spectrum that reflects the amplitude and phase of the signal’s different frequency parts.

However, in some cases, we need to obtain the frequency domain information of a time series at
specific moments, which the Fourier transform cannot provide. Furthermore, the Fourier transform
fails to distinguish between situations where the frequency components are identical but occur at
different time positions.

For example, Figure 1 shows two time sequences formed by stitching together trigonometric
functions with different frequencies in different orders. However, Fourier analysis produces identical
frequency-domain results for these two distinct sequences. This illustrates a fundamental shortcoming
of the Fourier transform: the complete loss of time-domain information. To address this limitation, we
introduce the wavelet transform, which provides simultaneous time and frequency analysis.

Figure 1. (a) Sequence time domain waveforms; (b) Frequency domain graph.
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The two time series are formed by stitching together trigonometric functions with different
frequencies in different orders. Although these are two distinct sequences, Fourier analysis produces
identical frequency spectra for both. This demonstrates the shortcoming of the Fourier transform: the
loss of time-domain information. Therefore, it is necessary to characterize signals in both the time and
frequency dimensions simultaneously.

The wavelet transform is also a time-frequency analysis method, which decomposes the signal by
a set of wavelet basis functions. The approximation coefficients and the detail coefficients are obtained
on different scales and locations, and these coefficients reflect the local characteristics of the signal at
different times and frequencies. Therefore, the result of the wavelet transform reflects two dimensions:
time and frequency. The wavelet transform is better suited to dealing with non-smooth signals and
can effectively extract abrupt changes, transients, and local features by capturing changes in the signal
at different times and frequencies through wavelet functions of different scales. The formula for the
continuous wavelet transform is shown below.

W f (a, b) =
1√
|a|

∫ ∞

−∞
f (t)ψ∗

(
t − b

a

)
dt (2)

Where W f (a, b) is the wavelet coefficient; a is a scale parameter (controls the expansion and
contraction of the wavelet); b is a translation parameter (controls the time position of the wavelet); ψ(t)
is the parent wavelet function; ψ∗ indicates complex conjugation. Comparing the differences in the
properties of the wavelet transform and the Fourier transform, we can see that the wavelet transform
has good time-frequency localization and can localize the signal in time and frequency at the same
time. It supports multi-resolution analysis, and the characteristics of the signal can be observed at
different scales through multi-level decomposition. Wavelet basis functions of different scales can
capture the changes of signals in different time and frequency domains. It is very suitable for dealing
with non-smooth signals. Examples of such signals include those containing abrupt changes and
transients.

The Fourier transform and the wavelet transform leverage complementary advantages. The
Fourier transform provides precise frequency localization but lacks temporal resolution, making it
ideal for stationary signals. The wavelet transform offers multi-resolution analysis in time-frequency
domains, excelling in non-stationary signal characterization. By combining both transforms, we
achieve enhanced feature extraction, with the wavelet transform specifically identifying transient
local anomalies. The hybrid model demonstrates superior signal-to-noise ratio (SNR) improvement
compared to standalone methods.

3.2. Dynamic K Selection

In time series analysis network models, hyperparameter K is a critical parameter primarily used
to control the model’s multi-period information extraction capability. Fixed K may not be able to
accommodate the dynamic nature of different time series, such as selecting the top-K frequency
components based on Fourier transform. The potential benefits of learnable K are shown in Table 1.

Table 1. Potential Benefits of Learnable K.

Dimension Fixed K Learnable K mechanism

Flexibility No adaptive capacity Dynamically adapted data
characteristics

Multi-cycle
capture

Possible omission of
secondary cycle

Weighted use of all candidate
cycles

Typical imple-
mentation

Hardcoded Top-K
Selection

Dynamic screening of
attention weights

Efficiency High Slightly below
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The limitations of the fixed K selection mechanism include amplitude bias, over-reliance on Fourier
transform amplitude for cycle selection, and neglect of cycle persistence. Short-term fluctuations may
have large amplitude but lack persistent significance. Discrepancies between channel-specific cycles
and global averages may obscure local features and non-stationary behaviors. The optimal K-value
may vary across samples and between simple and mixed multi-period sequences.

For different K values, the impact on performance is analyzed systematically. If K is too large, it
may introduce noise; if too small, information loss occurs. Different time series may require distinct K
selection strategies, e.g., for ECG signals, weather data, and financial time series.

The algorithm used in our model for dynamically selecting Top-K cycles is fundamentally based
on the idea that, rather than using a fixed selection of a specific number of cycles (such as Top-1 or Top-
2), it dynamically calculates a set of weights for each input sequence according to the characteristics of
the data itself, to evaluate the significance of various candidate cycles.

Algorithm 1: Dynamic K Selector with Frequency Analysis
Input :
• x: Input sequence tensor of shape [B, T, C], where

B = batch size, T = sequence length, C = channels (d_model)
• candidate_periods: Candidate periods of shape [B, max_k]

(Precomputed via the Fourier transform as pi = 1/ fi for top-max_k frequen-
cies)

• max_k: Maximum candidate periods (hyperparameter, default = 5)

Output :

• weights: Period selection weights of shape [B, max_k]
Representing importance scores for each candidate period

Step 1: Frequency Analysis (Preprocessing)

1. For each sequence in batch xb ∈ x (shape [T, C]):

• Compute amplitude spectrum via the Fourier transform:
A = |FourierTransform(xb)|

• Select top-max_k frequencies by amplitude:
{ f1, . . . , fk} = argtopk(A, max_k)

• Convert to periods: pi = 1/ fi

Step 2: Dynamic Weight Generation

1. Project periods to feature space:
Wp = Linear(candidate_periods)

2. Compute attention scores:
α = softmax(MLP(Wp))

3. Apply temperature scaling (optional):
weights = α/τ

Return: weights

The key steps are outlined in Algorithm 1. The algorithm consists of two main steps: prepro-
cessing through frequency analysis and generating dynamic weights. The input includes a sequence
represented as a matrix and a pre-calculated candidate period shape. The output is the weight assigned
to each candidate period, also represented as a matrix.

The steps for generating dynamic weights are as follows:
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1. The model calculates the dynamic weight. It projects candidate periods into a feature space
using linear transformations to map each period value to a C-dimensional vector. Given that the shape
of candidate periods is [B, max_k], we reshape it to [B, max_k, 1] and transform it to C dimensions via
a linear layer to obtain Wp with shape [B, max_k, C].

2. The model then calculates attention scores. It uses an MLP to map the projected periodic
features to scalar scores. This MLP consists of one or more fully connected layers and finally outputs
a scalar. Then, we apply the softmax function along the max_k dimension to obtain the normalized
weight α with shape [B, max_k].

3. The model applies temperature scaling by first dividing the normalized weights α by a learnable
temperature parameter τ, followed by reapplying the softmax function. Note that temperature scaling
is typically applied before the final softmax operation. The resulting output constitutes the final
dynamic weights.

In Algorithm 1, the features extracted from each periodic branch are weighted and summed. We
select periods with weights above a certain threshold (or Top-N) for subsequent calculations, thus
achieving dynamic K values. This method greatly enhances the expressiveness and flexibility of the
model, making it better adaptable to the complex and changeable periodic patterns in different time
series data. Some sequences may have only one strong period, while others may have multiple weak
periods, and this algorithm can handle them adaptively.

3.3. Transformer and Attention
3.3.1. Transformer Architecture

The Transformer model uses the classic encoder-decoder architecture in Figure 2, which consists
of two parts: the encoder and the decoder. The left part represents the encoder, which contains 6
identical layers. The right part represents the decoder, which also contains 6 layers.

Input sequences are combined with word embeddings and positional encoding before being fed
into the encoder. Similarly, output sequences are combined with word embeddings and positional
encoding and fed into the decoder. The encoder’s output is then fed into the decoder through attention
mechanisms, and softmax is applied to the decoder’s output to predict the next token. Word embedding
and positional encoding will be formally introduced in subsequent discussions. We first analyze each
layer of the encoder and decoder in detail.
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Figure 2. The Transformer model architecture.

3.3.2. Encoder

The Encoder consists of six identical layers, each of which comprises two parts. The first part
is a multi-head self-attention mechanism, and the second part is a position-wise feed-forward net-
work, which is composed of two fully connected layers. Both of these parts are followed by layer
normalization after a residual connection is applied to them.

3.3.3. Decoder

Similar to the encoder, the decoder consists of 6 identical layers, each of which consists of the
following 3 parts: the first part is a multi-head self-attention mechanism, the second part is a multi-
head context-attention mechanism, and the third part is a position-wise feed-forward network. Similar
to the encoder, each of these three parts has a residual connection followed by layer normalization.

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V (3)

The Q, K, and V denote the query, key, and value matrices, respectively, and dk is the vector dimension
of the key vector. This formulation is the core of scaled dot-product attention in the Transformer model.

3.3.4. Transform 1D-Variations into 2D-Variations

The model is derived from the state-of-the-art TimesNet time series analysis method [15] by
incorporating the transformer strategy [20] and the wavelet approach, allowing for the quantification
of predictive uncertainties and explanation of prediction results. The three parts and the integrated
method will be introduced in the following subsections.

Unlike traditional machine learning and deep learning methods (e.g., LSTM), which only capture
temporal dependencies among adjacent time points and thus fail to capture long-term dependencies,
the key innovation of TimesNet is that it transforms the analysis of 1D temporal variations into 2D
space based on the inherent periodicity of data. This allows it to explore not only the short-term
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temporal pattern within a period (intra-period variation), but also the variations among consecutive
periods (inter-period variation)[21].

In this model, the block handling the transformation of 1D time series into 2D space and the
processing of 2D variations is referred to as TimesBlock. The time series X of length T exhibits multi-
periodicity that is identified through the Fourier transform [22] via frequency analysis. The Fourier
transform is employed to identify dominant periods in the time series data. Based on these, the top-k
dominant periods are selected. However, the selected top-k periods are not necessarily the most
significant; later, we will discuss how to dynamically learn the optimal k-value for optimization. For
each period length Li, the original 1D time is represented. The series X is to be divided into N f . This is
represented by the following formula:

N f =

⌈
T
Li

⌉
(4)

Where T denotes the length of the input time series, Li denotes a period length used to decompose
the time series, and N f denotes the number of complete cycles within the total duration T. These
are then reshaped into a two-dimensional matrix X′

i ∈ RLi×N f . Consequently, we obtain a set of
two-dimensional matrices denoted {X′

i}. For each period length Li, the rows and columns X′
i represent

intra-period variation and inter-period variation, respectively.
The transformed 2D matrices X′

i are regarded as images and processed by 2D convolutional layers
to extract intra-period and inter-period variations from the original 1D time series, leveraging the
strengths of convolutional architectures in image processing [23,24]. The extracted 2D features are then
transformed back into 1D space to generate the final time-series predictions.

The architecture diagram is shown as Figure 3. First of all, the 1D historical time series are fed into
the network. The time series data first passes through an adaptive module consisting of a Fourier and
a wavelet transform. The Fourier transform and the wavelet transform are computed simultaneously,
and the features are fused by weighting. With this adaptive design, the global frequency resolution of
the Fourier transform and the local time-frequency analysis capability of the wavelet transform can be
balanced to enhance the expression of the time series features. The 1D time series is transformed into a
2D matrix X′

i ∈ RLi×N f .

Figure 3. Illustration of the (a) Block and (b) Wave-Net structures. Block serves as the basic building block of the
Wave-Net model.
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4. Experiments
The primary objective of this experimental study was to develop and validate a novel architecture

capable of effectively modeling and capturing the multi-scale temporal dependencies (e.g., short-term,
periodic, and long-term periodic patterns) inherent in complex time series data, with the ultimate goal
of enhancing forecasting precision across various forecasting horizons.

4.1. Evaluate Metrics

To fully evaluate the model’s performance, Mean Squared Error (MSE) and Mean Absolute Error
(MAE) were used. Prediction accuracy was evaluated on the test dataset. The formulas for MAE and
MSE are as follows.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (5)

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (6)

Where yi denotes the i-th true value, ŷi denotes the i-th predicted value.

4.2. Datasets

To validate the effectiveness of Wave-Net, we conducted experiments on mainstream analytical
tasks. We utilize widely adopted benchmark datasets, including the Electricity Transformer Tempera-
ture (ETTH1), Weather, and Traffic datasets. Summaries of the ETTH1, Weather, and Traffic datasets,
along with their relevant parameters, are presented in the Table 2. The preprocessing procedures
for these datasets, such as dataset splitting and normalization methods, are consistent with previous
work (e.g., Autoformer[1], iTransformer[25], etc.). These datasets show a stable periodic pattern, such
as daily and weekly, which provides an objective basis for long-range prediction. These datasets all
show stable cycle patterns, such as daily and weekly, which provide an objective basis for long-term
forecasting. Combined with the sampling frequency of the datasets, we can infer the maximum cycle
length of the datasets, e.g., 24 weeks for ETTH1 and 168 weeks for Weather. The following are detailed
explanations of the fields in the dataset that are relevant to the operational monitoring of power
transformers. A summary of benchmarks is shown in Table 2. Additionally, the detailed descriptions
of the fields in the ETTH1, Weather, and Traffic datasets are presented in Table 3, Table 4, and Table 5,
respectively.

Table 2. A summary of the benchmarks.

Task Benchmark Metrics Samples Series-length Dimension

Long-term forecasting ETTH1 MSE,MAE 2785 96 7
Long-term forecasting Weather MSE,MAE 52696 96 14
Long-term forecasting Traffic MSE,MAE 17544 96 862

Table 3. A detailed explanation of the fields in the ETTH1 dataset, including their corresponding Symbols,
Explanation.

Symbol Explanation

Date The recorded date
HUFL High UseFul Load
HULL High Useless Load
MUFL Medium UseFul Load
MULL Medium Useless Load
LUFL Low UseFul Load
LULL Low Useless Load
OT Oil Temperature
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Table 4. A detailed explanation of the fields in the Weather dataset, including their corresponding Symbols, Units
and Explanation.

Symbol Unit Explanation

Date Time dd.mm.yyyy
hh.mm (MEZ)

Date and time of the data record (the timestamp
represents the end of the averaging period)

P mbar air pressure
T °C air temperature
Tpot K potential temperature
Tdew °C dew point temperature
rh % relative humidity
VPmax mbar saturation water vapor pressure
VPact mbar actual water vapor pressure
VPdef mbar water vapor pressure deficit
sh gkg-1 specific humidity
H2OC mmolmol-1 water vapor concentration
rho gm-3 air density
wv ms-1 wind velocity
max.wv ms-1 maximum wind velocity
wd ° wind direction
rain mm precipitation
raining s duration of precipitation
SWDR Wm-2 short wave downward radiation
PAR mmolm-2s-1 photosynthetically active radiation
max.PAR µmolm-2s-1 maximum photosynthetically active radiation
Tlog °C internal logger temperature
OT ppm CO2-concentration of ambient air

Table 5. A detailed explanation of the fields in the Traffic dataset, including their corresponding Symbols,
Explanation.

Symbol Explanation

Date Timestamp
0-862 Sensor node
OT Proportion of vehicles

occupying

4.3. Baseline Models

We compare the proposed Wave-Net with a comprehensive set of state-of-the-art time series
forecasting models. Furthermore, a comparison of state-of-the-art models for each specific task is
conducted to ensure a rigorous evaluation. The baselines include:

1. Transformer-based models: FEDformer[19], Autoformer [1], ETSformer [26], Stationary [27],
Informer[28], Pyraformer [29].

2. Linear model: DLinear [21].
3. Lightweight model: LightTS [30].
4. Other deep learning models: LogTrans [31], Reformer [32], LSSL [33], LSTL [5].

4.4. Environment Configuration and Training Process

All experiments presented in this paper were meticulously implemented using PyTorch 1.8.1 and
CUDA 11.1, with the widely adopted Adam optimizer employed for model training. The computations
were carried out on high-performance NVIDIA GPUs, including RTX 2080, RTX 2070, or RTX 2060
models, ensuring efficient processing and experimental reproducibility.

The training process was accelerated using GPU computation. During training, an early stopping
mechanism was employed to monitor the training progress, with training loss and validation metrics
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recorded every 100 iterations. The validation loss showed a consistent decrease throughout the initial
phase of training until the 8th iteration, after which no further improvement was observed, triggering
the early stopping protocol. Based on the output metrics, the model was saved at the point where
validation loss was minimized. The entire training process and results can be verified through the
saved model files and detailed log files. Finally, the model was evaluated on the test set, and its
performance was quantified using MSE and MAE metrics.

4.5. Main Result

Wave-Net has been consistently shown to achieve state-of-the-art performance on mainstream
analysis tasks compared to other customized models. Furthermore, the replacement of the inception
block with a more powerful one has been demonstrated to enhance Wave-Net’s capabilities. To assess
the model’s forecasting performance, a common type of benchmark is adopted.

As shown in the Table 6, the proposed model demonstrates significant advantages on the ETTH1,
weather, and traffic datasets. It exhibits particularly outstanding performance in long-term forecasting
scenarios, where it not only surpasses various advanced models but also achieves state-of-the-art
results in the vast majority of cases.

Table 6. Comparison of the performance of multiple time series forecasting models on ETTH1, Weather, and
Traffic tasks, using MSE and MAE as evaluation metrics.

ETTH1 Weather Traffic

Model (Year) MSE MAE MSE MAE MSE MAE

ETSformer (2022) 0.494 0.479 0.197 0.281 0.607 0.392
LightTS (2022) 0.424 0.432 0.182 0.242 0.615 0.391
DLinear (2022) 0.386 0.400 0.196 0.255 0.650 0.396
FEDformer (2022) 0.376 0.419 0.217 0.296 0.587 0.366
Stationary (2022) 0.513 0.491 0.173 0.223 0.612 0.388
Autoformer (2022) 0.449 0.459 0.226 0.336 0.613 0.388
Pyraformer (2011) 0.664 0.612 0.662 0.556 0.867 0.468
Informer (2021) 0.865 0.713 0.300 0.384 0.719 0.391
LogTrans (2019) 0.878 0.740 0.458 0.490 0.684 0.384
Reformer (2020) 0.837 0.728 0.689 0.596 0.732 0.423
Wave-Net (Ours) 0.398 0.418 0.176 0.226 0.588 0.315

Experimental results demonstrate that the proposed architecture exhibits significant effectiveness
in time series analysis tasks, as its design effectively captures critical features in temporal data and
enhances prediction performance.

4.6. Ablation Study

Ablation of module design to validate the effectiveness of each module in this model. Overall, the
joint use of both modules achieves state-of-the-art performance. In most cases, both modules could
work independently and provide significant improvements. Confirms our assertion: Using channel
attention alone degrades performance.

Time series data typically contains short-term, medium-term, and long-term patterns. The Fourier
transform only provides global frequency information and cannot capture time locality. In contrast, the
Wave-Net transform effectively captures both high-frequency and low-frequency parts by stretching
and shifting the basis function while preserving time information.

The combination of the two can obtain both local time-frequency characteristics and global domi-
nant frequency, providing a more comprehensive input characterization. The attention mechanism
directly models the time-point relationship at any distance, compensating for the shortcomings of the
Fourier transform in long-period modeling.

A more detailed analysis of the effectiveness of channel mix-up is presented in Table 7. We
compare the MAE and MSE of our model when the wavelet transform, Fourier transform, and
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Transformer are removed, respectively. Notably, our model achieves excellent performance when it
incorporates the wavelet transform, the Fourier transform, and the Transformer simultaneously.

Table 7. Ablation of channel mix-up and channel attention with average MSE and MAE across prediction lengths.

Wavelet transform Fourier transform Transformer Wave-Net (MSE) Wave-Net (MAE)

✓ – ✓ 0.4182 0.4321
✓ – – 0.4256 0.4379
✓ ✓ – 0.4129 0.4274
✓ ✓ ✓ 0.3980 0.4186

5. Conclusions and Future Work
This study introduces Wave-Net, a novel deep learning framework that advances predictive

modeling by simultaneously addressing key challenges in time series prediction: accuracy and K-value
dynamics. The model is constructed based on the TimesNet architecture [15], which converts 1D time
series into 2D representations according to the data period, enabling the efficient capture of complex
multi-periodic patterns through convolutional filters. The core innovation is that the framework
further integrates a K dynamic learning algorithm and a wavelet Fourier dual-channel architecture;
the output signals are then transformed for feature extraction to provide reliable and interpretable
predictive models, significantly enhancing current modeling capabilities.

This research has broad implications for time series forecasting. Wave-Net relies solely on
historical records and readily available data, making it suitable for contexts with sparse data and
capable of providing accurate predictions for months in advance, thereby providing valuable lead time
for sustainable planning, which is crucial in forecasting. The model’s robust performance makes it a
promising tool for various forecasting tasks. Extending its use to different time scales and applications
can further support data-driven resource decisions.

Despite the encouraging results, several limitations should be noted. First, to ensure broad appli-
cability, our model intentionally uses only readily available data. Nonetheless, as the temporal scope
extends, some dynamic characteristics fail to be fully captured in the observations and predictions. To
address these limitations, future studies could incorporate additional predictors when accessible and
investigate more advanced modeling techniques. Furthermore, to enhance the model’s applicability,
generating supplementary training samples from existing data segments could be a worthwhile pur-
suit. This strategy would enlarge and diversify the training dataset, potentially improving the model’s
generalization performance.

In the future, further exploration will be conducted of large-scale pre-training methodologies. The
utilization of these methodologies has been demonstrated to yield substantial benefits, particularly in
the context of diverse downstream tasks.
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