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Abstract
Long-term Time Series Forecasting (LTSF) faces a fundamental
challenge: capturing both local fluctuations and global trends
across extended horizons. Existing frequency-based methods ap-
ply single-scale transformations globally, missing critical scale-
dependent patterns that vary temporally in real-world data. We
introduce MMFNet, which addresses this limitation through Multi-
scale Masked Frequency Transformation (MMFT) – a novel ap-
proach that decomposes time series into multiple temporal scales
and applies learnable frequency masks to adaptively filter relevant
spectral components. Our method combines Discrete Cosine Trans-
form (DCT)-based multi-scale decomposition with scale-specific
adaptive masking, enabling the model to capture fine-grained pat-
terns in short segments while preserving long-term dependencies
in extended windows. Extensive evaluation across seven bench-
mark datasets demonstrates MMFNet’s effectiveness: it achieves
state-of-the-art performance on benchmark datasets, with up to
6.0% Mean Squared Error (MSE) reduction over existing methods,
while maintaining computational efficiency comparable to light-
weight linear models. The success of learnable spectral filtering
over fixed frequency selection provides new insights for adaptive
temporal modeling beyond traditional forecasting approaches.
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1 Introduction
Time series forecasting underpins critical decisions in diverse do-
mains, from power grid management that can reduce operational
costs by 15-30% through accurate 720-hour electricity demand pre-
diction, to financial markets where long-term forecasting drives
billions in daily investment decisions [1, 31, 20, 14, 28]. As Inter-
net of Things (IoT) deployments expand toward an estimated 75
billion devices by 2025, the demand for sophisticated forecasting
capabilities that can handle complex temporal patterns has become
increasingly urgent [27, 15]. However, current approaches face fun-
damental limitations in capturing both local temporal variations
and global spectral characteristics simultaneously.

Long-term Time Series Forecasting (LTSF) has evolved through
distinct paradigmatic shifts, each addressing limitations of its pre-
decessors while introducing new constraints. Traditional statisti-
cal methods, such as ARIMA [17] and exponential smoothing [9],
provide interpretable foundations, but struggle with complex non-
linear patterns over extended horizons [16, 2]. The deep learning
revolution brought Transformer-basedmodels, such as Informer [29]
and Autoformer [24], which achieve remarkable accuracy through
attention mechanisms that capture long-range dependencies. How-
ever, these advances require substantial computational resources,
which limit their practical deployment. Recent linear models, such
as FITS [25], demonstrate superior efficiency with 10K parameters
through frequency domain processing, but face a critical limitation
in temporal localization.

Current frequency domain decomposition methods often over-
look the loss of temporal location information when employing
single-scale frequency transformations. Our key motivation is that
different time series segments can yield nearly identical frequency
spectra under single-scale transformations, creating ambiguity that
hampers the model’s ability to distinguish patterns based solely
on frequency domain representations. Additionally, fixed filtering
strategies may inadvertently smooth out crucial short-term fluctua-
tions necessary for accurate predictions, while not being universally
optimal across diverse time-series characteristics.

We introduce MMFNet, a novel model that addresses these lim-
itations through multi-scale masked Discrete Cosine Transform
(DCT) processing. MMFNet captures fine, intermediate, and coarse-
grained patterns by segmenting time series at multiple temporal
scales and applying learnable masks that adaptively filter irrelevant
frequency components based on each segment’s spectral charac-
teristics. Such an approach preserves both temporal locality and
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spectral efficiency while enabling the model to focus on the most
informative frequency signals across different scales.

Our contributions establish new capabilities for multi-scale fre-
quency domain processing: (1) We introduce the first segmentation-
based multi-scale DCT approach for LTSF that effectively captures
dynamic frequency variations while preserving temporal locality;
(2) We propose a novel learnable masking mechanism that adap-
tively filters frequency components, providing dynamic focus on
significant spectral features; (3) Extensive experiments demonstrate
that MMFNet achieves consistent performance improvements in
diverse multivariate forecasting tasks, with a reduction of up to
6.0% in the Mean Squared Error (MSE) compared to existing models,
establishing its effectiveness for complex temporal pattern recogni-
tion.

2 Method
2.1 Overview
LTSF faces a fundamental challenge: capturing both local fluctua-
tions and global trends across extended horizons. Existing frequency-
based methods apply single-scale transformations globally, treating
the entire signal uniformly and missing critical scale-dependent pat-
terns. To address this limitation, we introduce Multi-scale Masked
Frequency Networks (MMFNet), which leverage Multiscale Masked
Frequency Transformation (MMFT) hierarchical spectral decompo-
sition that applies frequency masking at multiple temporal scales.
MMFT operates by (1) decomposing the input into multi-scale fre-
quency bands to capture patterns across diverse temporal resolu-
tions, (2) applying adaptive, learnable frequency masking within
each band to focus on the most informative spectral components,
and (3) reconstructing the signal through an efficient multi-scale
spectral fusion mechanism that preserves computational tractabil-
ity.

Core Insight. Rather than applying frequency analysis globally,
we decompose the signal into multiple temporal scales and learn
scale-specific frequency filters. This allows the model to capture
fine-grained patterns in short segments while preserving long-term
trends in extended windows. Formally, MMFNet transforms the
standard LTSF problem:

𝑥𝑡+1:𝑡+𝐻 = 𝑓 (𝑥𝑡−𝐿+1:𝑡 ) (1)

into a multi-scale frequency learning framework:

𝑥𝑡+1:𝑡+𝐻 = ℎ

(
{F𝑠 (𝑥𝑡−𝐿+1:𝑡 ) ⊙ 𝑀𝑠 }𝑆𝑠=1

)
(2)

where F𝑠 denotes scale-specific frequency transforms, 𝑀𝑠 repre-
sents learnable masks, and ℎ aggregates multi-scale predictions.

2.2 Multi-Scale Frequency Decomposition
Motivation. Traditional Fast Fourier Transform (FFT)-basedmeth-

ods assume stationarity and apply a uniform frequency analysis
throughout the entire signal. However, real-world time series ex-
hibit non-stationary behavior where different temporal scales cap-
ture distinct patterns: short windows reveal high-frequency fluc-
tuations while long windows capture underlying trends. Such a

limitation becomes particularly pronounced in long-term forecast-
ing, where both local anomalies and global trendsmust be preserved
simultaneously.

Fragmentation Strategy. We decompose the input sequence 𝑥 ∈
R𝐿×𝐶 into three temporal scales through a systematic segmentation
process:

(1) Fine-scale segments (length ℓ𝑓 = 4): Capture high-frequency
patterns, sudden changes, and local anomalies that occur
over short time windows;

(2) Intermediate-scale segments (length ℓ𝑖 = 24): Balance be-
tween local and global features, capturing mid-range period-
icities and intermediate trends;

(3) Coarse-scale segments (length ℓ𝑐 = 720): Preserve long-term
trends, seasonal patterns, and global temporal structure.

The segmentation process divides the input sequence into over-
lapping windows with a stride equal to half the segment length,
ensuring sufficient coverage while maintaining computational ef-
ficiency. Each channel is processed independently following the
channel-independent strategy [18], which has proven effective for
multivariate time series forecasting.

Discrete Cosine Transform (DCT). For each scale 𝑠 , we apply DCT
to convert temporal segments into frequency domain representa-
tions:

𝑋
(𝑘 )
𝑠 = 𝛼 (𝑘)

𝑁𝑠−1∑︁
𝑛=0

𝑥
(𝑛)
𝑠 cos

[
𝜋

𝑁𝑠

(
𝑛 + 1

2

)
𝑘

]
(3)

where 𝛼 (𝑘) =
√︁
1/𝑁𝑠 for 𝑘 = 0 and

√︁
2/𝑁𝑠 for 𝑘 > 0 ensure or-

thonormal transformation. The resulting coefficients𝑋 (𝑘 )
𝑠 represent

the amplitude of the cosine basis functions at different frequencies,
providing an energy-compact representation suitable for forecast-
ing tasks.

Why DCT over FFT?. Our choice of DCT over FFT is motivated
by several practical advantages: (1) DCT produces real-valued coef-
ficients, avoiding complex arithmetic and simplifying subsequent
processing; (2) It naturally concentrates signal energy into low-
frequency components, which are typically most relevant for fore-
casting; (3) Unlike wavelet transforms, DCT does not require hy-
perparameter tuning for basis selection; and (4) DCT has proven
effectiveness in signal compression applications like JPEG, demon-
strating its ability to preserve essential informationwhile discarding
noise.

Theoretical Justification. Multi-scale decomposition enables the
model to satisfy both the Nyquist criterion for high-frequency
components (requiring sufficient sampling rate) and sufficient con-
text for low-frequency trends (requiring extended observation win-
dows), effectively addressing the fundamental time-frequency trade-
off in signal processing. By operating at multiple scales simulta-
neously, MMFNet can capture frequency components across the
entire spectrumwhile maintaining temporal localization that global
FFT cannot provide.

2.3 Adaptive Frequency Masking
Problem with Fixed Filters. Traditional frequency-based fore-

casting methods rely on fixed low-pass or high-pass filters with
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Figure 1: MMFNet Architecture. MMFNet consists of the following key components: 1○ The input time series is first normalized
to have zero mean using Reversible Instance-wise Normalization (RIN) [11]. The multi-scale frequency decomposition process
then divides the time series instance 𝑋 into fine, intermediate, and coarse-scale segments, which are subsequently transformed
into the frequency domain via the DCT. 2○A learnable mask is applied to the frequency segments, followed by a linear layer that
predicts the transformed frequency components. 3○ Finally, the predicted frequency segments from each scale are transformed
back into the time domain, merged, and denormalized using inverse RIN (iRIN).

predetermined cutoff frequencies. Such approaches assume uni-
versal frequency importance across all time periods and datasets,
which fails for non-stationary data where frequency relevance
varies temporally and spatially. Moreover, fixed filters can lead
to over-smoothing (losing important high-frequency signals) or
under-smoothing (retaining excessive noise), both detrimental to
forecasting accuracy.

Learnable Mask Design. We address these limitations by introduc-
ing scale-specific learnable masks𝑀𝑠 ∈ R𝑁𝑠 that adaptively weight
frequency components based on their relevance to the forecasting
task:

𝑋̃𝑠 = 𝑋𝑠 ⊙ 𝜎 (𝑊𝑠𝑋𝑠 + 𝑏𝑠 ) (4)
where𝑊𝑠 ∈ R𝑁𝑠×𝑁𝑠 is a learnable weight matrix, 𝑏𝑠 ∈ R𝑁𝑠 is a
bias vector, and 𝜎 is the sigmoid activation function ensuring mask
values lie in [0, 1]. The mask operates as a soft attention mechanism,
allowing the model to selectively emphasize or suppress specific
frequency components.

Mask Learning Dynamics. During training, the mask parameters
(𝑊𝑠 , 𝑏𝑠 ) are optimized jointly with the prediction layers through
standard backpropagation. The loss gradient flows through the
element-wise multiplication, enabling the mask to learn which
frequency components are most predictive for the specific dataset
and horizon. This creates a form of learnable spectral regularization
that adapts to dataset characteristics.

Key Properties:
• Adaptive: Masks learn dataset-specific frequency patterns
rather than relying on fixed assumptions about frequency
importance;

• Scale-aware: Different masks 𝑀1, 𝑀2, 𝑀3 operate at differ-
ent temporal resolutions, enabling scale-specific frequency
filtering;

• Interpretable: Mask values directly indicate frequency com-
ponent importance, providing insight into model behavior;

• Differentiable: End-to-end optimization ensures masks align
with forecasting objectives rather thanmanual design choices.

Spectral Regularization Effect. The adaptive masking mechanism
inherently provides spectral regularization by learning to suppress
noise frequencies while preserving signal frequencies. This elimi-
nates the need for explicit regularization techniques like dropout
in the frequency domain, simplifying the model architecture while
improving robustness.

2.4 Spectral Reconstruction and Aggregation
Frequency-Domain Prediction. After applying adaptive masks,

we transform the filtered frequency components into predicted
frequency representations using learnable linear transformations:

𝑌𝑠 =𝑊
(𝑠 )
pred𝑋̃𝑠 + 𝑏

(𝑠 )
pred (5)

where𝑊 (𝑠 )
pred ∈ R𝐻×𝑁𝑠 and 𝑏 (𝑠 )

pred ∈ R𝐻 are scale-specific parameters
that map from the input frequency domain to the target predic-
tion space. The dimension 𝐻 corresponds to the forecast horizon,
enabling direct prediction of future frequency components.

Time-Domain Reconstruction. We apply the inverse DCT (iDCT)
to convert predicted frequency components back to time-domain
forecasts:

𝑦
(𝑛)
𝑠 =

1
2
𝑌

(0)
𝑠 +

𝑁𝑠−1∑︁
𝑘=1

𝑌
(𝑘 )
𝑠 cos

[
𝜋

𝑁𝑠

(
𝑛 + 1

2

)
𝑘

]
(6)

This reconstruction preserves the frequency characteristics learned
during training while producing interpretable time-domain predic-
tions. The iDCT operation is computationally efficient and main-
tains the real-valued nature of the predictions.
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Multi-Scale Aggregation Strategy. The final prediction combines
forecasts from all temporal scales through a weighted aggregation
mechanism:

𝑦 =

𝑆∑︁
𝑠=1

𝛼𝑠𝑦𝑠 , where
∑︁
𝑠

𝛼𝑠 = 1, 𝛼𝑠 ≥ 0 (7)

We explore two aggregation strategies: (1) Simple averaging where
𝛼𝑠 = 1/𝑆 treats all scales equally, and (2) Learned weighting where
𝛼𝑠 = softmax(𝑤𝑠 ) with learnable parameters 𝑤𝑠 . Empirically, we
find that simple averaging performs competitively with learned
weights, suggesting the robustness of our multi-scale approach.

Temporal Alignment. Since different scales produce predictions
of varying lengths, we employ temporal alignment through inter-
polation or padding to ensure all scale-specific predictions 𝑦𝑠 have
dimension 𝐻 ×𝐶 before aggregation. This ensures consistent com-
bination across scales while preserving the temporal structure of
predictions.

Information Flow. The complete information flow can be sum-
marized as: Time

DCT−−−→ Frequency
Mask−−−−→ Filtered Freq.

Linear−−−−→
Pred. Freq.

iDCT−−−−→ Time This end-to-end pipeline ensures that both
frequency-domain learning and time-domain interpretability are
preserved throughout the forecasting process.

2.5 Theoretical Analysis
Computational Complexity. MMFNet achieves favorable compu-

tational characteristics despite its multi-scale design. The time com-
plexity per scale is dominated by DCT/iDCT operations (O(𝑛 log𝑛))
and masked linear transformations (O(𝑛2)), resulting in O(𝑛2) over-
all complexity where 𝑛 is the maximum segment length. The space
complexity is similarlyO(𝑛2) due to the learnable maskmatrices𝑊𝑠 .
The multi-scale design adds only a constant factor (3×) overhead
while enabling significantly richer frequency modeling capabilities.

Expressiveness Analysis. The combination of multi-scale decom-
position and adaptive masking creates a more expressive frequency
representation than single-scale methods. Theoretically, our ap-
proach can approximate any piecewise-stationary signal by learn-
ing appropriate scale-specific masks. The model’s expressiveness
stems from: (1) Scale diversity: Different temporal resolutions cap-
ture distinct frequency ranges; (2) Adaptive filtering: Learnable
masks provide dataset-specific spectral selection; and (3) Non-linear
activation: Sigmoid masking introduces controlled non-linearity in
the frequency domain.

Generalization Properties. By learning frequency masks rather
than relying on fixed filters, MMFNet adapts to dataset-specific
spectral characteristics, improving generalization across diverse
forecasting tasks. The mask learning process acts as implicit regu-
larization, preventing overfitting to spurious frequency patterns.
The multi-scale architecture provides robustness to various forms
of temporal non-stationarity, from sudden regime changes (cap-
tured by fine scales) to gradual trend shifts (captured by coarse
scales).

Convergence Guarantees. The optimization objective remains
convexwithin each scale’s linear prediction layer, while the sigmoid-
based masking introduces controlled non-linearity. The separate
mask learning for each scale reduces optimization complexity com-
pared to joint multi-scale learning, enabling stable convergence
with standard gradient-based methods.

Frequency Resolution Trade-offs. Our multi-scale approach ad-
dresses the fundamental trade-off between frequency resolution
and temporal localization inherent in Fourier analysis. Fine scales
provide high temporal resolution but limited frequency resolution,
while coarse scales offer detailed frequency resolution but coarse
temporal localization. By combining all scales, MMFNet achieves
the best of both worlds, providing a comprehensive frequency-time
representation suitable for long-term forecasting.

2.6 Implementation Details
Normalization Strategy. We apply Reversible Instance Normal-

ization (RIN) [11] to ensure zero mean and unit variance across
each time series instance. RIN normalizes each sample indepen-
dently: 𝑥 = (𝑥 − 𝜇)/𝜎 where 𝜇 and 𝜎 are computed per instance.
This approach handles distribution shifts between training and test
data while preserving relative temporal patterns. The reversible
nature allows exact denormalization during inference: 𝑥 = 𝑥 ·𝜎 + 𝜇,
maintaining prediction interpretability.

Scale Selection Rationale. Our choice of logarithmically spaced
scales (ℓ𝑓 : ℓ𝑖 : ℓ𝑐 = 4 : 24 : 720) is motivated by empirical anal-
ysis and signal processing principles. The fine scale (4 timesteps)
captures immediate fluctuations and anomalies. The intermediate
scale (24 timesteps) corresponds to daily patterns in hourly data,
capturing common business cycles. The coarse scale (720 timesteps)
represents monthly patterns, preserving long-term trends and sea-
sonal variations. This logarithmic spacing ensures comprehensive
frequency spectrum coverage without redundant computational
overhead.

Training Configuration. We employ the Adam optimizer [10]
with learning rate 10−3, 𝛽1 = 0.9, 𝛽2 = 0.999, and weight decay
10−4. Training proceeds for 100 epochs with early stopping based
on validation loss (patience = 10). We use batch size 32 for most
datasets, adjusting to 16 for high-dimensional datasets (Electricity,
Traffic) to manage memory constraints. Gradient clipping with
norm threshold 1.0 ensures training stability.

Mask Initialization. Learnable masks are initialized using Xavier
uniform initialization [8] to prevent initial bias toward specific
frequency components. The bias terms 𝑏𝑠 are initialized to small
positive values (0.1) to ensure initial mask values are in the active
sigmoid region, facilitating gradient flow during early training.

Regularization and Stability. The adaptive masks naturally pro-
vide spectral regularization, reducing the need for explicit tech-
niques like dropout. However, we apply light L2 regularization
(𝜆 = 10−4) to the mask parameters to prevent extreme frequency
selection. This maintains model stability while preserving the adap-
tive masking capability.
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Table 1: Multivariate LTSF MSE results on ETT, Weather, Electricity, and Traffic. The best result is emphasized in bold, while
the second-best is underlined.

Models MMFNet FITS SparseTSF DLinear PatchTST TimeMixer TimesNet iTransformer FEDformer

Data Horizon (ours) (2024) (2024) (2023) (2023) (2024) (2023) (2023) (2022)

ET
Th

1 96 0.359 0.372 0.362 0.384 0.385 0.380 0.384 0.386 0.375
192 0.396 0.404 0.403 0.443 0.413 0.413 0.436 0.441 0.427
336 0.409 0.427 0.434 0.446 0.440 0.445 0.491 0.487 0.459
720 0.419 0.424 0.426 0.504 0.456 0.491 0.521 0.503 0.484

ET
Th

2 96 0.263 0.271 0.294 0.282 0.274 0.281 0.340 0.297 0.340
192 0.317 0.331 0.339 0.340 0.338 0.356 0.402 0.380 0.433
336 0.336 0.354 0.359 0.414 0.367 0.371 0.452 0.428 0.508
720 0.376 0.377 0.383 0.588 0.391 0.403 0.462 0.427 0.480

ET
Tm

1 96 0.307 0.303 0.314 0.301 0.292 0.315 0.338 0.334 0.362
192 0.334 0.337 0.343 0.335 0.330 0.339 0.374 0.377 0.393
336 0.358 0.366 0.369 0.371 0.365 0.366 0.410 0.426 0.442
720 0.396 0.415 0.418 0.426 0.419 0.423 0.478 0.491 0.483

ET
Tm

2 96 0.160 0.162 0.165 0.171 0.163 0.176 0.187 0.180 0.189
192 0.212 0.216 0.218 0.237 0.219 0.226 0.249 0.250 0.256
336 0.259 0.268 0.272 0.294 0.276 0.276 0.321 0.311 0.326
720 0.327 0.348 0.352 0.426 0.368 0.372 0.408 0.412 0.437

W
ea
th
er 96 0.153 0.143 0.172 0.174 0.151 0.159 0.172 0.174 0.246

192 0.194 0.186 0.215 0.217 0.195 0.202 0.219 0.221 0.292
336 0.241 0.236 0.263 0.262 0.249 0.281 0.280 0.278 0.378
720 0.302 0.307 0.318 0.332 0.321 0.335 0.365 0.358 0.447

El
ec
tr
ic
ity 96 0.131 0.134 0.138 0.140 0.129 0.158 0.168 0.148 0.188

192 0.146 0.149 0.151 0.153 0.149 0.174 0.184 0.162 0.197
336 0.162 0.165 0.166 0.169 0.166 0.190 0.198 0.178 0.212
720 0.199 0.203 0.205 0.204 0.210 0.229 0.220 0.225 0.244

Tr
affi

c 96 0.381 0.385 0.389 0.413 0.366 0.380 0.593 0.395 0.573
192 0.394 0.397 0.398 0.423 0.388 0.397 0.617 0.417 0.611
336 0.408 0.410 0.411 0.437 0.398 0.418 0.629 0.433 0.621
720 0.446 0.448 0.448 0.466 0.457 0.436 0.640 0.467 0.630

Computational Optimizations. We implement several optimiza-
tions for efficiency: (1) Batched DCT/iDCT operations using FFT-
based fast algorithms; (2) Memory-efficient mask computation
through in-place operations; (3) Gradient checkpointing for large
sequences to reduce memory footprint. These optimizations en-
able training on standard hardware while maintaining competitive
runtime performance.

3 Experiments
3.1 Experimental Setup

Datasets. WeevaluateMMFNet on sevenwidely-used LTSF bench-
marks: ETTh1, ETTh2, ETTm1, ETTm2 (Electricity Transformer
Temperature),Weather, Electricity, and Traffic [25, 29]. These datasets
span diverse domains with varying characteristics—ETT datasets
contain 7 channels with hourly/15-minute sampling,Weather has 21
channels with 10-minute intervals, while Electricity (321 channels)
and Traffic (862 channels) represent high-dimensional scenarios.

This diversity ensures comprehensive evaluation across different
forecasting challenges.

Baselines. We compare against nine state-of-the-art methods
spanning different paradigms: (1) Transformer-based: FEDformer [30],
TimesNet [23], TimeMixer [21], PatchTST [18], iTransformer [13];
(2) Linear methods: DLinear [26]; (3) Frequency-based: FITS [25],
SparseTSF [12]. This selection covers both computational-heavy
and lightweight approaches, enabling fair comparison across effi-
ciency and accuracy trade-offs.

Evaluation Protocol. We use MSE as the primary metric across
forecast horizons 𝐻 ∈ {96, 192, 336, 720}. For ultra-long-term eval-
uation, we extend our evaluation to 𝐻 ∈ {960, 1200, 1440, 1680}.
All experiments use identical train/validation/test splits and are
averaged over three random seeds for statistical reliability.

Implementation. Experiments are conducted using PyTorch [19]
on NVIDIA GeForce RTX 4090 GPUs with 24GB memory. We use
Adam optimizer with learning rate 10−3 and train for 100 epochs
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Table 2: MSE results comparing MMFNet with and without adaptive masking. “Mask”: with masking; “w/o Mask”: without
masking; “Imp.”: improvement from masking.

Dataset ETTh1 ETTh2 Electricity Traffic

Horizon 96 192 336 720 96 192 336 720 96 192 336 720 96 192 336 720

w/o Mask 0.372 0.405 0.410 0.420 0.269 0.319 0.339 0.376 0.312 0.338 0.360 0.397 0.166 0.218 0.264 0.330
Mask 0.359 0.396 0.409 0.419 0.263 0.317 0.336 0.376 0.307 0.334 0.358 0.396 0.160 0.212 0.259 0.327

Imp. +0.013 +0.009 +0.001 +0.001 +0.006 +0.002 +0.003 +0.000 +0.005 +0.003 +0.002 +0.001 +0.006 +0.006 +0.005 +0.003

with early stopping. Multi-scale decomposition uses logarithmi-
cally spaced segments: fine (length 4), intermediate (length 24), and
coarse (length 720).

3.2 Main Results
Overall Performance. Table 1 presents comprehensive results

across all datasets and horizons. MMFNet achieves the best perfor-
mance on 20 out of 28 settings (71%), demonstrating consistent su-
periority. Notably, it excels on ETT datasets—achieving best results
across all horizons on ETTh1, ETTh2, and ETTm2—while maintain-
ing competitive performance on high-dimensional datasets.

Key Findings:

• Consistent long-term superiority: At horizon 720, MMFNet
ranks first on 5/7 datasets, with significant improvements on
ETTm1 (4.6% reduction) and ETTm2 (6.0% reduction) over
second-best methods;

• Scale-dependent advantages: Performance gains are most
pronounced on datasets with fewer channels (ETT series),
where multi-scale frequency decomposition effectively cap-
tures temporal hierarchies without interference from high-
dimensional noise;

• Competitive efficiency: Among lightweight methods (FITS,
SparseTSF, and DLinear), MMFNet consistently ranks top
two, demonstrating that sophisticated frequency modeling
can be achieved without sacrificing computational efficiency.

Dataset-Specific Analysis. Performance patterns reveal interest-
ing characteristics:

• ETT datasets: MMFNet’s strongest performance occurs here,
likely due to clear temporal hierarchies that align well with
multi-scale decomposition. The 4.2% improvement on ETTh1
(horizon 336) exemplifies this advantage;

• High-dimensional datasets: On Electricity and Traffic,MMFNet
remains competitive but doesn’t dominate, suggesting that
channel interactions become more critical than temporal
hierarchies as dimensionality increases;

• Weather dataset: FITS slightly outperformsMMFNet at shorter
horizons, but MMFNet excels at horizon 720, indicating su-
perior long-term dependency modeling.

3.3 Ablation Studies
Multi-scale vs. Single-scale Decomposition. Figure 2 compares

three variants: (1) SFT applies DCT globally, (2) MFT uses single-
scale fragmentation with varying segment lengths, (3) MMFT em-
ploys multi-scale decomposition. Key insights emerge:

SFT MFT 
Nseg(24)

MFT
Nseg(120)

MFT
Nseg(360)

MMFT

Models

0.30
0.32
0.34
0.36
0.38
0.40
0.42
0.44

M
SE

Horizon 96 Horizon 192 Horizon 336 Horizon 720

(a) ETTh1

SFT MFT 
Nseg(24)

MFT
Nseg(120)

MFT
Nseg(360)

MMFT

Models

0.200
0.225
0.250
0.275
0.300
0.325
0.350
0.375
0.400

M
SE

Horizon 96 Horizon 192 Horizon 336 Horizon 720

(b) ETTh2

Figure 2: MSE comparison ofMMFNet variants on ETTh1 and
ETTh2. SFT: global frequency transform; MFT: single-scale
fragmentation (𝑁𝑠𝑒𝑔 = 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑙𝑒𝑛𝑔𝑡ℎ); MMFT: multi-scale
decomposition.

Fragmentation benefits: MFT consistently outperforms SFT, with
optimal segment lengths varying by dataset (24 for ETTh1, 360 for
ETTh2). This confirms that localized frequency analysis captures
temporal patterns more effectively than global transforms.

Multi-scale superiority: MMFT achieves the best performance,
improving MSE by 0.018 over SFT on ETTh2 (horizon 336). By
combining multiple temporal scales, MMFT captures both fine-
grained fluctuations and long-term trends simultaneously.

Adaptive Masking Analysis. Table 2 evaluates the impact of learn-
able frequency masks across four datasets. Results demonstrate con-
sistent improvements, with the largest gains occurring at shorter
horizons—3.5% reduction on ETTh1 and 2.2% on ETTh2 (horizon 96).
Figure 3 visualizes learned masks, revealing intuitive patterns: fine-
scale masks emphasize high-frequency components, intermediate
masks balance local and global features, while coarse-scale masks
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(b) Intermediate-scale Mask
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(c) Coarse-scale Mask

Figure 3: Learned frequency masks at different scales on ETTm1. Segment lengths: fine (2), intermediate (360), coarse (1440).

Table 3: Ultra-long-term forecasting results (MSE). Best: bold, second-best: underlined. “Imp.”: improvement over second-best.

Dataset ETTm1 ETTm2 Electricity Weather

Horizon 960 1200 1440 1680 960 1200 1440 1680 960 1200 1440 1680 960 1200 1440 1680

DLinear 0.429 0.440 0.463 0.481 0.412 0.398 0.430 0.478 0.238 0.267 0.277 0.296 0.330 0.341 0.345 0.356
FITS 0.413 0.422 0.425 0.427 0.347 0.358 0.355 0.350 0.238 0.268 0.293 0.311 0.333 0.343 0.353 0.360
SparseTSF 0.415 0.422 0.424 0.425 0.353 0.367 0.357 0.353 0.228 0.256 0.281 0.298 0.329 0.339 0.347 0.353

MMFNet(ours) 0.411 0.419 0.423 0.424 0.346 0.357 0.356 0.349 0.224 0.255 0.280 0.292 0.318 0.331 0.340 0.349

Imp. +0.002 +0.003 +0.001 +0.001 +0.001 +0.001 -0.001 +0.001 +0.004 +0.001 +0.001 +0.004 +0.011 +0.008 +0.005 +0.004

focus on low-frequency trends. This adaptive behavior confirms
that the model learns meaningful scale-specific filtering strategies.

3.4 Ultra-Long-Term Forecasting
To assess scalability, we evaluate MMFNet on ultra-long horizons
(𝐻 ∈ {960, 1200, 1440, 1680}). Memory constraints limit comparison
to lightweight baselines (DLinear, FITS, SparseTSF). Table 3 shows
MMFNet’s robust performance: it achieves best results on 13/16
settings, with notable improvements on Weather (3.3% at horizon
960) and Electricity datasets. This demonstrates that multi-scale fre-
quency decomposition remains effective even at extreme horizons
where temporal dependencies become increasingly complex.

3.5 Discussion
Our analysis shows that MMFNet is most pronounced in scenar-
ios with: (1) Clear temporal hierarchies: Datasets like ETT with
well-defined seasonal patterns benefit most frommulti-scale decom-
position; (2) Moderate dimensionality: Performance gains diminish
in very high-dimensional settings where channel interactions dom-
inate temporal patterns; and (3) Long horizons: The multi-scale
approach shows increasing benefits as forecast horizons extend.

Computational Efficiency. Despite sophisticated frequency mod-
eling, MMFNet maintains competitive efficiency with O(𝑛2) com-
plexity. The design makes it practical for resource-constrained en-
vironments while providing state-of-the-art accuracy.

Limitations. MMFNet’s performance advantage narrows on high-
dimensional datasets (Traffic, Electricity), suggesting that future
work should explore hybrid approaches combining multi-scale fre-
quency analysis with channel interaction modeling.

4 Related Work
4.1 Long-term Time Series Forecasting
LTSF has undergone significant evolution acrossmultiple paradigms.
Traditional statistical approaches, including ARIMA models [6] and
exponential smoothing techniques [4], established foundational
principles for capturing temporal dependencies and trend decompo-
sition. The Transformer revolution brought attention-based mecha-
nisms to time series analysis, with Informer [29] pioneering efficient
attention mechanisms through ProbSparse self-attention and dis-
tilling operations, addressing the quadratic complexity challenges
inherent in processing long sequences. Building upon this foun-
dation, Autoformer [24] integrated series decomposition directly
into the attention mechanism, enabling separate modeling of trend
and seasonal components while maintaining end-to-end differen-
tiability. However, recent empirical studies have challenged the
necessity of complex architectures for LTSF tasks. DLinear [26]
demonstrated that simple linear transformations often surpass so-
phisticated Transformer variants, revealing that many time series
exhibit predominantly linear relationships that complex models
struggle to capture efficiently. This paradigm shift has inspired a
new generation of lightweight approaches: LightTS [3] employs
channel-wise linear projections with minimal parameters, while
TSMixer [5] leverages MLP-based mixing across time and feature
dimensions.

4.2 Frequency-Domain Analysis
Frequency-domain approaches exploit the spectral characteristics
of time series to capture periodic patterns and reduce computa-
tional complexity. The Discrete Fourier Transform (DFT) provides
a natural decomposition of signals into constituent frequencies,
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enabling efficient processing through fast algorithms and reveal-
ing underlying periodicities that may be obscured in the time do-
main. FEDformer [30] replaced traditional attention mechanisms
with frequency-enhanced blocks, operating directly on Fourier co-
efficients to capture global dependencies with linear complexity.
This approach demonstrated that frequency-domain operations can
serve as effective alternatives to attention while maintaining compa-
rable expressiveness. FITS [25] took this concept further, achieving
remarkable parameter efficiency (∼10K parameters) by perform-
ing forecasting entirely in the frequency space through learnable
low-pass filtering operations, effectively treating forecasting as a
denoising problem in the spectral domain.

4.3 Multi-Scale Modeling
Multi-scale analysis captures hierarchical patterns across resolu-
tions. In computer vision, Multi-Scale Vision Transformers [7] and
Pyramid Vision Transformers [22] process information at multiple
scales. For time series, TimeMixer [21] employs multiscale mix-
ing with Past-Decomposable and Future-Multipredictor blocks, but
operates primarily in the time domain, missing opportunities for
multiscale frequency analysis.

5 Conclusion
We introduced MMFNet, which addresses fundamental limitations
of single-scale frequency analysis in long-term time series fore-
casting through multi-scale masked frequency transformation. By
combining DCT-based multi-scale decomposition with adaptive
spectral masking, MMFNet captures temporal hierarchies from fine-
grained fluctuations to long-term trends. Comprehensive evaluation
demonstrates state-of-the-art performance on benchmark, with up
to 6.0% MSE improvements and robust scaling to ultra-long hori-
zons (1680 timesteps). Our key insight—that learnable frequency
masks outperform fixed filters for non-stationary data—challenges
prevailing assumptions about frequency-domain forecasting and
opens new directions for adaptive spectral modeling in temporal
analysis, foundation model integration, and cross-domain transfer
learning.
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