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Abstract

Time series forecasting faces a fundamental challenge: the un-
even distribution of predictive importance in time series data,
where some specific time points and feature combinations
carry disproportionately predictive power. As a result, uniform
processing methods that treat all data alike inevitably fall short
of optimal performance. To address this problem, we propose
FeTS, a feature-aware framework that comprehensively learns
temporal features through two key components: (i) Adaptive
Feature Extraction (AdaFE), which dynamically discovers the
most important features within each temporal patch and ex-
tracts them on the fly, yielding sharper and more focused local
representations; and (ii) Dual-Scale Feed-Forward Network
(DSFFN), which strategically integrates fine-grained local fea-
tures with global long-term dependencies to achieve richer
dual-scale representation learning. Extensive experiments on
eight benchmark datasets demonstrate that FeTS achieves
state-of-the-art performance in time series forecasting tasks,
offering a novel solution to the challenge of uneven predictive
importance in forecasting.

Code — https://github.com/lllucky111/FeTS

Introduction
Time series forecasting plays a crucial role across numerous
domains, including financial analysis (Cao, Li, and Li 2019),
weather prediction (Angryk et al. 2020), energy consump-
tion management (Kardakos et al. 2013), and traffic flow
optimization (Kadiyala and Kumar 2014). The field has wit-
nessed significant evolution from traditional statistical meth-
ods to modern deep learning approaches. Early forecasting
primarily relied on statistical techniques like Autoregressive
Integrated Moving Average (ARIMA) (Box et al. 2015) and
exponential smoothing (Gardner Jr 1985). With the advent of
machine learning, methods such as Support Vector Machines
(SVM) (Tay and Cao 2001) and Random Forest (Mei et al.
2014) were introduced to capture nonlinear relationships. As
time series data grows in scale and complexity, deep learning
has emerged as the dominant paradigm for temporal predic-
tion, with architectures including Multi-Layer Perceptrons
(MLP) (Das et al. 2023; Liu et al. 2023; Chen et al. 2023;
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Xu, Zeng, and Xu 2024; Han et al. 2024), Convolutional
Neural Networks (CNN) (Luo and Wang 2024; Wang et al.
2022; Liu et al. 2022a), and Transformer (Liu et al. 2021;
Zhou et al. 2022b; Liu et al. 2022b; Zhou et al. 2021; Wu
et al. 2021; Liu et al. 2024; Nie et al. 2023). These deep
learning approaches have demonstrated superior capability
in modeling long-range dependencies and capturing complex
spatiotemporal patterns, driving groundbreaking advances in
time series forecasting.
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Figure 1: Mutual Information in Patch

Although these models have made progress, they still strug-
gle to address the inherent problem of imbalanced importance
in real-world time series data (Nie et al. 2023; Wu et al. 2023;
Lin et al. 2023; Zhou et al. 2022a). What does this uneven
importance mean? Taking the Weather dataset as an example,
observations captured at pivotal transitions, such as shifting
seasons or abrupt temperature swings, carry disproportion-
ately greater predictive power for future forecasting than data
from stable periods. Our mutual information analysis (Batina
et al. 2011) of patch-processed weather data provides quan-
titative validation of this phenomenon in Figure 1, where
the fluctuating strip heights reveal the sharply uneven pre-
dictive power of each temporal token in the current patch
when forecasting the next. It can be seen that the values of
mutual information exhibit a significantly nonuniform dis-
tribution, with a clear gap between the predictive power at
peak moments and that in low periods. The disparity in pre-
dictive power reflects the non-uniform importance across the
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temporal dimension, where for prediction tasks, feature com-
binations with higher predictive power should be identified
as important features and given enhanced attention, repre-
senting the core challenge that existing uniform processing
approaches fail to address effectively.

Motivated by this insight, we develop FeTS, a feature-
aware framework for time series forecasting, designed to
precisely capture the time-varying salience of sequential fea-
tures. Our solution introduces two key innovations: the novel
Adaptive Feature Extraction (AdaFE) mechanism and the
Dual-Scale Feed-Forward Network (DSFFN). Technically,
AdaFE dynamically identifies important features within each
patch through a feature scoring mechanism based on a hybrid
basis space, enabling more precise local pattern capture. This
adaptive approach fundamentally shifts away from traditional
uniform processing, effectively mitigating the pronounced
imbalance in feature importance across the sequence. Mean-
while, DSFFN integrates global contextual guidance with
localized patterns, leveraging dual-scale fusion for richer fea-
ture representation. Together, these components allow FeTS
to consistently achieve state-of-the-art performance across
diverse domains, opening new possibilities in time series
analysis. In summary, our contributions are reflected in three
key aspects:

• We demonstrate that predictive salience is intrinsically
uneven across time series and introduce FeTS, a dynamic
and feature-aware framework that explicitly redistributes
temporal importance to boost forecasting accuracy.

• We propose AdaFE that crafts fine-grained local features
via adaptive and patch-wise extraction, while the proposed
DSFFN fuses these representations across different scales.

• FeTS consistently achieves state-of-the-art performance
across diverse domains while maintaining superior com-
putational efficiency, establishing a new paradigm for time
series forecasting.

Related Work
Developments of Time Series Forecasting
Time series forecasting approaches fall into three main
paradigms (Jia et al. 2024): MLP-based, CNN-based, and
Transformer-based models. MLP-based approaches like
DLinear (Zeng et al. 2023), FITS (Xu, Zeng, and Xu 2024),
and FreTS (Yi et al. 2023) employ simple network archi-
tectures to comprehensively analyze time series character-
istics, including trends and periodicity in both frequency
and time domains. CNN-based forecasting models showcase
the prowess of convolutional architectures: MICN (Wang
et al. 2022) marries causal convolutions with a multi-scale
structure, while ModernTCN (Luo and Wang 2024) revamps
the convolutional stack with contemporary design principles.
Transformer-based solutions combine attention mechanisms
with signal processing techniques, as seen in Autoformer (Wu
et al. 2021) and FEDformer (Zhou et al. 2022b), while Cross-
former (Zhang and Yan 2023) and iTransformer (Liu et al.
2024) enhance performance by examining either temporal
dependencies among points or cross-variable relationships.

Development of Patch-Based Models
Since TimesNet (Wu et al. 2023), PatchTST (Nie et al. 2023),
and TSMixer (Ekambaram et al. 2023) demonstrate that seg-
menting time into patches unlocks richer local structure than
point-wise modeling, patch-based methods have rapidly be-
come the prevailing paradigm. PatchMixer (Gong, Tang, and
Liang 2023) elevates this paradigm by leveraging depthwise
convolutions to extract sharper patch-level representations.
Other developments include Transformer-based architectures
like Pathformer (Chen et al. 2024) and MTST (Zhang et al.
2024), as well as MLP-based frameworks such as MSD-
Mixer (Zhong et al. 2023), WPMixer (Murad, Aktukmak,
and Yilmaz 2025), and PatchMLP (Tang and Zhang 2025),
employing different patch structures to capture multi-scale
information. Meanwhile, by incorporating RNN components,
SegRNN (Lin et al. 2023) achieves segmental information
iteration.

In this paper, we identify the non-uniform importance prob-
lem in time series, where certain temporal points and feature
combinations contain information that is more critical for
prediction. Based on this observation, we propose the FeTS
model. Unlike earlier patch-based models, which process
patch information uniformly, FeTS incorporates an innova-
tive adaptive patch-level feature-aware system. This system
dynamically identifies and extracts features with higher pre-
dictive value within patches, thereby facilitating more effec-
tive learning and enhancing prediction performance.

Methodology
Time series forecasting involves predicting output sequences
of length H from multivariate input sequences of length
L (Lin et al. 2024a). However, real-world time series data
inherently feature an uneven distribution of importance. To
address this limitation, we propose FeTS, a novel and flex-
ible framework capable of effectively extracting and inte-
grating important features, thereby achieving robust fore-
casting performance, as illustrated in Figure 2. Technically,
given input X ∈ RM×L with M variables and length L,
we use PatchTST’s patching approach (Nie et al. 2023) to
produce embeddings Xemb ∈ RM×N×D, where D is patch
embedding dimension and N denotes the number of patches.
Using Xemb, we perform both AdaFE-based extraction and
DSFFN’s dual-scale fusion. The following sections detail
these core modules’ operations.

AdaFE
The AdaFE block executes two key operations: (i) impor-
tance scoring and activation via the Fourier-Poly Mask, and
(ii) sparse convolution through Mask-Controlled Einsum.
Through these two stages, the model can specifically focus on
positions that hold significant predictive power within each
patch.

Fourier-Poly Mask: importance scoring and activation
At this stage, we identify and select important features within
each patch. Specifically, we evaluate the importance of each
temporal point to the periodicity and trend of the sequence,
score each point for its importance, and use these scores to
filter out the more critical features.
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Figure 2: Structure overview of FeTS.

Theorem 1. Let f(x) be a periodic function with period 2π
that satisfies the Dirichlet conditions (i.e., f has a finite num-
ber of discontinuities and extrema in any bounded interval).
Then f(x) can be represented as an infinite sum of sine and
cosine functions (Butzer and Nessel 1971):

f(x) =
a0
2

+
∞∑

n=1

[an cos(nx) + bn sin(nx)] . (1)

Theorem 2. If g(x) is a continuous real-valued function
on a closed interval [a, b] and if ϵ > 0 is given, then there
exists a polynomial P (x) such that |g(x)−P (x)| < ϵ for all
x ∈ [a, b] (Stone 1948).

Based on the approximation theories outlined in Theo-
rem 1 and Theorem 2, we construct a hybrid transforma-
tion space integrating spectral and polynomial representa-
tions: s(x) = f(x) + g(x). The Fourier component f(x),
which utilizes sine/cosine basis functions, models periodic
patterns—effectively capturing oscillatory modes and peri-
odic behaviors within time series. Additionally, the poly-
nomial component g(x) captures trend elements to model
aperiodic trends and gradual changes, where higher-order
terms adapt to increasingly complex trend patterns.

This integrated approach learns a nonlinear importance
representation function that simultaneously evaluates spec-
tral characteristics and trend correlations. Through global
interaction, we then derive the final importance scores. The
scoring mechanism selectively focuses on critical temporal
positions, identifying significant periodic events or key trend

shifts, thereby enabling the model to dynamically activate
key points with higher predictive power.

We reshape the input tensor Xemb ∈ RM×N×D into
Xflat ∈ R(M×N)×D by flattening both variable and tempo-
ral dimensions, enabling efficient importance computation
across feature dimension D. In the forward pass, Xflat is
transformed using Fourier and polynomial basis functions as
follows, forming the basis of our nonlinear transformation
space:

Xcos = cos(Xflat ⊗ kcos · π) ∈ R(M×N)×D×(F+1), (2)

Xsin = sin(Xflat ⊗ ksin · π) ∈ R(M×N)×D×F , (3)

Xpoly = X
kpoly
flat ∈ R(M×N)×D×(P+1), (4)

where F is the maximum frequency index for Fourier terms,
P is the highest degree for polynomial terms, ⊗ denotes the
tensor outer product transforming inputs to the frequency
domain, and X

kpoly
flat performs element-wise exponentiation of

Xflat to the powers specified in kpoly, capturing nonlinear re-
lationships through polynomial terms. The frequency indices
kcos and ksin range from 0 to F and 1 to F respectively, serv-
ing as characteristic frequencies for our Fourier basis and de-
termining detectable periodic components, while kpoly ranges
from 0 to P , controlling the complexity of representable
nonlinear patterns through polynomial degree selection.

Next, we introduce three groups of learnable coeffi-
cients af ∈ RD×D×(F+1), bf ∈ RD×D×F , and cp ∈
RD×D×(P+1) to weight their contributions across frequency

26330



bands and polynomial terms, resulting in an importance rep-
resentation O ∈ R(M×N)×D that comprehensively models
nonlinear data patterns:

O[r, d] =
D∑
i=1

F∑
j=0

Xcos[r, i, j] · af [i, d, j]

+
D∑
i=1

F∑
j=1

Xsin[r, i, j] · bf [i, d, j]

+
D∑
i=1

P∑
j=0

Xpoly[r, i, j] · cp[i, d, j] + β,

(5)

where r ∈ {1, . . . ,M × N}, d ∈ {1, . . . , D}, and β is a
learnable bias term. Then this intermediate representation
undergoes global interaction to generate the final importance
score Z:

Z = Linear(O) ∈ R(M×N)×D. (6)

The score Z quantifies the relative importance of each
position. To enable selective focus on critical positions, we
employ a threshold-based activation method that uses the av-
erage score µZ [r] as the threshold to filter key features. This
generates a binary mask matrix for subsequent key feature
activation:

µZ [r] =
1

D

D∑
d=1

Z[r, d], (7)

mask[r, d] =
{
1 if Z[r, d] ≥ µZ [r],

0 otherwise.
(8)

Mask-Controlled Einsum: sparse convolution In the sec-
ond stage, we perform sparse convolution guided by the
activation mask to concentrate computation on activated po-
sitions. First, we apply symmetric padding to both the in-
put Xemb and the mask to maintain consistent operation at
boundaries, yielding Xpadding and maskpadding. Using an un-
fold operation, we generate sliding window representations
Xun ∈ R(M×N)×D×k and maskun ∈ R(M×N)×D×k, where
k is the convolution kernel size. This extracts patches of
size k centered at each position. Finally, we implement the
masked convolution via an optimized Einsum operation that
efficiently computes the weighted sum of input patches under
mask control:

Y [r, d] =
k∑

j=1

W [j] ·Xun[r, d, j] · maskun[r, d, j], (9)

where Y ∈ R(M×N)×D denotes the output sequence with
activated important features, W ∈ Rk is the learnable weight.
The binary mask selectively enables computation only at
activated positions (maskun[r, d, j] = 1), enabling more flex-
ible and precise extraction of critical features from different
patches.

DSFFN
After extracting finer features from patches, we enhance the
model’s comprehension by introducing different temporal

granularities and performing dual-scale structure fusion. To
achieve this, we propose the DSFFN, comprising two par-
allel branches: a Local Branch for local pattern extraction
and a Global Branch for long-range dependency modeling.
Their outputs are fused to generate unified feature repre-
sentations. To ensure a clear separation of local and global
perspectives, we first reshape the layer-normalized output
from Y ∈ R(M×N)×D to Y ′ ∈ RM×D×N .

In the Local Branch, we use a standard 1D convolutional
network (Liu et al. 2022c) to learn local patterns from the
reshaped tensor Y ′ ∈ RM×D×N :

Flocal = ϕ(Wlocal ∗ Y ′ + blocal), (10)

where ∗ denotes convolution operation, Wlocal ∈ RD′×D×K

is a learnable convolution kernel with D′ as the output di-
mension, blocal ∈ RD′

is the bias term, and ϕ(·) is the GELU
activation (Hendrycks and Gimpel 2016), introducing non-
linearity to enhance information expressiveness. The output
Flocal ∈ RM×D′×N captures localized temporal patterns.

In the Global Branch, we apply a global average pool-
ing operation along the temporal dimension N to aggregate
sequence information into the global representation:

Fglobal = Expand

(
1

N

N∑
i=1

Y ′[:, :, i]

)
, (11)

where Y ′[:, :, i] ∈ RM×D represents the feature slice at tem-
poral position i. The global average pooling operation pro-
duces a tensor of shape RM×D, which is then expanded to
match the temporal dimension of Flocal, yielding Fglobal ∈
RM×D×N .

After acquiring dual-scale features from both branches, we
integrate local and global representations through three se-
quential processes. First, we concatenate both data along the
temporal dimension to generate a combined representation.
Then, fusion convolution is applied to enhance interactions
between local and global features. Finally, the integrated rep-
resentation undergoes processing via a regularized projection
layer with dropout to improve model generalization and yield
the final output. The specific formulation is as follows:

Fcombined = [Flocal, Fglobal] ∈ RM×(D′+D)×N , (12)
Ffused = Wfused ∗ Fcombined + bfused, (13)
Out = Dropout(Wout ∗ Ffused + bout), (14)

where [·, ·] denotes concatenation, Dropout(·) denotes
dropout process. Wfused ∈ RDfused×(D′+D)×K′

and Wout ∈
RDout×Dfused×K′′

are the fusion convolution kernel (kernel
size K ′) and the output convolution kernel (kernel size K ′′)
respectively, with corresponding bias terms bfused ∈ RDfused

and bout ∈ RDout . The fusion feature Ffused ∈ RM×Dfused×N

captures dual-scale information combining both local and
global features, generating the richer feature representation
Out ∈ RM×Dout×N for downstream prediction tasks, thereby
providing adaptability to the inconsistent predictive impor-
tance existing across various scales in time series data.
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Dataset ETTh1 ETTh2 ETTm1 ETTm2 Weather Electricity Traffic Solar-Energy

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

PatchTST [2023] 0.484 0.476 0.410 0.431 0.356 0.388 0.265 0.328 0.233 0.271 0.168 0.268 0.404 0.281 0.226 0.305
Crossformer [2023] 0.760 0.647 1.617 0.955 0.453 0.466 1.025 0.693 0.254 0.315 0.185 0.279 0.560 0.312 0.218 0.258

DLinear [2023] 0.444 0.454 0.468 0.463 0.358 0.381 0.282 0.345 0.246 0.299 0.167 0.264 0.435 0.297 0.252 0.313
TimesNet [2023] 0.502 0.487 0.415 0.443 0.422 0.423 0.282 0.333 0.248 0.285 0.199 0.300 0.616 0.333 0.238 0.285

iTransformer [2024] 0.450 0.457 0.390 0.416 0.367 0.395 0.272 0.329 0.238 0.272 0.162 0.257 0.395 0.278 0.287 0.340
TimeXer [2024] 0.492 0.482 0.375 0.410 0.371 0.395 0.262 0.317 0.226 0.265 0.171 0.270 0.420 0.281 0.303 0.346

SparseTSF [2024] 0.418 0.423 0.371 0.406 0.359 0.385 0.271 0.325 0.235 0.280 0.165 0.256 0.412 0.270 0.196 0.246
TimeMixer [2024] 0.434 0.439 0.396 0.425 0.382 0.397 0.273 0.325 0.226 0.263 0.168 0.260 0.408 0.274 0.197 0.266

ModernTCN [2024] 0.404 0.421 0.322 0.378 0.355 0.383 0.260 0.318 0.228 0.268 0.163 0.257 0.410 0.279 0.193 0.269
Amplifier [2025] 0.417 0.426 0.341 0.390 0.358 0.385 0.266 0.324 0.231 0.271 0.169 0.261 0.424 0.295 0.200 0.272

ConvTimeNet [2025] 0.409 0.424 0.325 0.377 0.357 0.382 0.259 0.318 0.233 0.269 0.162 0.256 0.404 0.277 0.203 0.251

FeTS 0.398 0.420 0.314 0.369 0.349 0.380 0.251 0.316 0.225 0.263 0.161 0.254 0.401 0.272 0.183 0.240

Table 1: Multivariate long-term time series forecasting results. The best results are highlighted in bold and the second best are
underlined.

Experiments
Setup
Datasets We conduct experiments on widely used bench-
mark datasets, including ETT series (4 subsets), Weather,
Traffic, Electricity, and Solar-Energy (Lai et al. 2018; Lin
et al. 2024a). The preprocessing operations on all datasets,
including data splitting and normalization methods, are kept
consistent with established practices in prior works such as
Autoformer (Wu et al. 2021) and Informer (Zhou et al. 2021).

Baselines We choose recent state-of-the-art models
as our benchmark, including Transformer-based model:
PatchTST (Nie et al. 2023), iTransformer (Liu et al. 2024),
Crossformer (Zhang and Yan 2023), TimeXer (Wang et al.
2024b); MLP-based model: DLinear (Zeng et al. 2023),
SparseTSF (Lin et al. 2024b), TimeMixer (Wang et al.
2024a), Amplifier (Fei et al. 2025); CNN-based model:
TimesNet (Wu et al. 2023), ModernTCN (Luo and Wang
2024), ConvTimeNet (Cheng et al. 2025). The lower MSE or
MAE indicates a more accurate prediction result.

Main Results
Table 1 presents the performance comparison of FeTS
against baseline models across 8 datasets. For fair evalu-
ation, the lookback window L is fixed at 336, with aver-
age performance computed across prediction horizons of
H ∈ {96, 192, 336, 720} as the reference metric. Overall,
FeTS achieves superior performance on seven datasets, out-
performing Transformer-based models (PatchTST, iTrans-
former, Crossformer, TimeXer), MLP-based models (DLin-
ear, SparseTSF, TimeMixer, Amplifier), and CNN-based
models (TimesNet, ModernTCN, ConvTimeNet). Notably,
on the highly volatile Solar-Energy dataset, FeTS signifi-
cantly outperforms models that exclusively learn point-level
sequential relationships (such as iTransformer and DLinear).
Compared to patch-based uniform local processing meth-
ods (such as PatchTST, ModernTCN, and ConvTimeNet),
FeTS also delivers substantial performance gains. This un-
derscores the intrinsic shortcomings of both (i) scattering

attention across globally uneven sequences and (ii) imposing
uniform indiscriminate local processing. FeTS effectively
tackles these challenges by integrating dynamic mechanisms
into a patch-based dual-scale modeling framework. This de-
sign enables the model to pinpoint salient features and cap-
ture more nuanced local characteristics, thereby pioneering a
novel approach to time series modeling.

We also observe that on the Traffic dataset, which exhibits
unique properties including numerous extreme values and
strong spatio-temporal correlations (Lin et al. 2024a), FeTS
shows slightly higher MSE than iTransformer, an architecture
focused on variable relationships (Liu et al. 2024). For MAE,
it performs marginally worse than SparseTSF, which priori-
tizes overall pattern recognition (Lin et al. 2024b). However,
in comprehensive evaluations, FeTS demonstrates balanced
superiority by outperforming iTransformer in MAE and sur-
passing SparseTSF in MSE. These results confirm the broad
applicability of FeTS’s dual-scale feature-aware approach
across diverse datasets.

Ablation Study
To evaluate the contributions of AdaFE and DSFFN in
FeTS, we perform comprehensive ablation studies across
five datasets, evaluating both component replacement (Re-
place) and removal (w/o), where the Replace sub-experiment
indicates we replace the AdaFE and DSFFN modules with
ordinary CNN and FFN module, respectively. The compara-
tive results, averaged over four lengths of prediction (96, 192,
336, and 720), are presented in Table 2.

Experimental results show that FeTS, incorporating both
AdaFE and DSFFN components, achieves the best perfor-
mance. Compared to replacing the AdaFE module with a
standard CNN or directly removing it, FeTS outperforms
in MSE and MAE with an average reduction of 3.6% and
3.19%, respectively. These results confirm the necessity of the
adaptive feature extraction mechanism and indicate that, com-
pared with the uniform processing method of CNN, FeTS
constructs a hybrid basis space to adaptively identify key
patterns containing rich periodic information and nonlinear
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Model FeTS
Replace
AdaFE

w/o
AdaFE

Replace
DSFFN

w/o
DSFFN

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTm1 0.349 0.380 0.359 0.392 0.355 0.382 0.356 0.385 0.358 0.388
Weather 0.225 0.263 0.240 0.270 0.237 0.271 0.235 0.271 0.231 0.268

Electricity 0.161 0.254 0.168 0.262 0.165 0.260 0.169 0.255 0.166 0.259
Traffic 0.401 0.272 0.413 0.284 0.414 0.282 0.411 0.283 0.412 0.287

Solar-Energy 0.183 0.240 0.199 0.259 0.186 0.248 0.197 0.257 0.192 0.250

Avg 0.264 0.282 0.276 0.293 0.271 0.289 0.274 0.290 0.272 0.290

Table 2: Ablation study of AdaFE and DSFFN in FeTS. The
best results are highlighted in bold. Avg denotes the average
performance across the five datasets.

patterns—thereby capturing precise local features with higher
predictive value and improving overall prediction perfor-
mance. Similarly, compared to replacing DSFFN with FFN
or completely removing this module, FeTS maintains a lead
of 3.41% and 2.84% in MSE and MAE, respectively. This
demonstrates that dual-perspective features are indispensable
in FeTS, where incorporating global feature guidance enables
the model to learn interactions between local patterns and
the global context, thereby avoiding issues of global consis-
tency loss that can arise from local optimization in traditional
approaches. AdaFE and DSFFN’s synergistic combination
creates an effective extraction-fusion pipeline that progres-
sively enhances temporal representations, ultimately forming
a comprehensive and accurate prediction framework.

Model Analysis
Visualizing the effects of AdaFE In FeTS, we use an adap-
tive feature extraction method, as opposed to the uniform pro-
cessing of local features. Specifically, AdaFE leverages the
Fourier-polynomial hybrid basis space to automatically iden-
tify key moments that contain abundant periodic regularities
and key nonlinear dynamics, thereby extracting sparse feature
representations with high discriminative power from data. To
better demonstrate AdaFE’s identification performance, we
visualize its input and output data with the Weather dataset
(consisting of 24 patches), with results shown in Figure 3.
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(a) Data at input of AdaFE.
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(b) Data at output of AdaFE.

Figure 3: Heatmap comparison of data at input and output of
AdaFE.

Specifically, Figure 3 (a) presents the initial data after patch
embedding, with a uniform color distribution indicating that
important features have not yet been emphasized and the

data lack marked discriminative power. In contrast, Figure
3 (b) shows the results extracted by AdaFE, displaying a
clearer structure, with blue (low-value) regions expanding
significantly while yellow (high-value) regions are sparsely
distributed. This indicates that AdaFE successfully detects
key features, captures various important details within the
patches, and boosts feature discriminative power while in-
creasing information density, thereby providing more accu-
rate local features for subsequent predictions.

AdaFE generality To further validate AdaFE’s effective-
ness, we examine its general applicability using the classic
PatchTST and TimesNet models as test cases. Specifically,
we incorporate the AdaFE module after PatchTST’s patch
embedding operation and following TimesNet’s 2D time se-
ries transformation to enhance local feature accuracy. Table
3 presents a performance comparison between models before
and after integrating this module across four datasets. The
results show that AdaFE significantly improves the predictive
performance of these two classical models, reducing MSE
by 7.73% and 8.68%, respectively. By introducing a dynamic
salient feature identification mechanism, these patch-based
models demonstrate marked improvements in precise local
feature extraction, resulting in enhanced overall prediction
accuracy.

Model PatchTST
PatchTST
+ AdaFE TimesNet

TimesNet
+AdaFE

Metric MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 0.484 0.476 0.436 0.442 0.502 0.487 0.455 0.454
ETTh2 0.410 0.431 0.369 0.407 0.415 0.443 0.372 0.406
Weather 0.233 0.271 0.230 0.267 0.248 0.285 0.240 0.271

Solar-Energy 0.226 0.305 0.204 0.269 0.238 0.285 0.210 0.257

Improved(Avg) - - 7.73% 6.50% - - 8.68% 7.47%

Table 3: AdaFE generality for the classic patch-based models.
The results are calculated as the average over four prediction
lengths (96, 192, 336, and 720). Improved(Avg) is the av-
erage improvement accuracy across the four datasets. The
better results are highlighted in bold.

Impact of hyperparameter D We evaluate the impact
of the hyperparameter D (the feature dimension after patch
embedding) on FeTS, as shown in Table 4. Experiments
are conducted on the four datasets with prediction hori-
zons of H ∈ {96, 192, 336, 720}. FeTS is tested at D ∈
{32, 64, 128, 256, 512}, using ModernTCN, which similarly
utilizes patch segmentation processing within a CNN frame-
work, as the baseline for performance comparison.

The model architecture demonstrates that varying D values
represent distinct needs for recognizing and extracting feature
combinations. As shown in Table 4, the model exhibits consis-
tent performance across datasets of different sizes, with min-
imal fluctuation among different D values. Moreover, even
with sub-optimal D configurations, the results predominantly
outperform the ModernTCN model without the adaptive fea-
ture extraction mechanism. This indicates that FeTS is robust
to dimensional scaling of D, where various sizes of D can
all adaptively identify more predictive feature combinations
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across local feature spaces. Furthermore, these results sug-
gest that the superior performance of FeTS primarily stems
from its feature extraction and adaptive learning mechanisms,
rather than dependence on specific embedding dimensions.

Dataset ETTh2 ETTm1 Weather Solar-Energy

Metric MSE MAE MSE MAE MSE MAE MSE MAE

FeTS

D = 32 0.316 0.373 0.355 0.381 0.230 0.264 0.188 0.247
D = 64 0.314 0.371 0.350 0.382 0.225 0.263 0.187 0.245
D = 128 0.314 0.369 0.349 0.380 0.225 0.263 0.183 0.240
D = 256 0.317 0.373 0.349 0.381 0.226 0.264 0.187 0.243
D = 512 0.320 0.377 0.350 0.382 0.228 0.265 0.193 0.249

ModernTCN 0.322 0.378 0.355 0.383 0.228 0.268 0.193 0.269

Table 4: Performance comparison of FeTS with different D
values and ModernTCN model. The best results are high-
lighted in bold.

96 192 336 720
Lookback window

0.260

0.280

0.300

0.320

M
SE

DLinear
PatchTST
SparseTSF
ModernTCN
FeTS

(a) ETTh2

96 192 336 720
Lookback window

0.160

0.180

M
SE

DLinear
PatchTST
SparseTSF
ModernTCN
FeTS

(b) Weather

96 192 336 720
Lookback window

0.140

0.160

0.180

M
SE

DLinear
PatchTST
SparseTSF
ModernTCN
FeTS

(c) Electricity

96 192 336 720
Lookback window

0.200

0.250

M
SE

DLinear
PatchTST
SparseTSF
ModernTCN
FeTS

(d) Solar-Energy

Figure 4: Performance of FeTS and other models with differ-
ent lookback windows. The forecast horizon is set as 96.

Varying lookback windows To further evaluate FeTS’s
performance under different lookback windows, we con-
duct additional experiments with other lookback window set-
tings and select models from Table 1 for comparison, includ-
ing MLP-based models (DLinear, SparseTSF), Transformer-
based models (PatchTST), and CNN-based models (Mod-
ernTCN). As illustrated in Figure 4, the MSE of FeTS ex-
hibits a consistent downward trend with the increase in win-
dow size. This phenomenon indicates that FeTS is capa-
ble of adaptively identifying critical features across diverse
temporal characteristics under varying lookback windows.
Moreover, it can derive more comprehensive and enriched
representations from extended lookback windows, ultimately
enabling more accurate predictive performance.
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Figure 5: Model efficiency comparison. The running effi-
ciency of seven models on the Weather dataset with the pre-
diction length H = 96.

Eiffcient analysis To validate the efficiency performance of
FeTS, we conduct comparative experiments on the Weather
dataset with a fixed input length L as 336 and prediction
length H as 96 against baseline models. Figure 5 demon-
strates that FeTS shows superior performance in memory
efficiency, training speed, and prediction accuracy. While
maintaining lower memory usage and faster training times,
FeTS achieves the best predictive results among all mod-
els. Notably, even with just a single-layer network architec-
ture, FeTS surpasses multi-layer stacked models in capturing
deep sequential patterns, delivering higher predictive accu-
racy while reducing memory usage and accelerating training
speed. When compared to the structurally simple DLinear
model, FeTS demonstrates clear advantages in both training
efficiency and predictive performance, confirming its overall
effectiveness as a comprehensive solution.

Conclusion

In this paper, we demonstrate that time series exhibit un-
evenly distributed importance, a phenomenon overlooked by
existing unified mapping methods. To address this, we pro-
pose FeTS, a feature-aware framework that incorporates two
core modules, AdaFE and DSFFN, to enhance the model’s
ability to focus on critical features, acquire more refined
local features, and effectively learn diverse patterns. Experi-
ments show that FeTS consistently delivers state-of-the-art
performance across diverse time series forecasting tasks, out-
performing other patch-based models. Our findings highlight
the importance of effectively capturing important features
to mitigate the impact of unevenly distributed importance
on prediction performance, inspiring exploration into deeper
connections between future deep learning architectures and
time series characteristics.
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