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Abstract—Long-term multivariate time series forecasting re-
quires modeling complex spatiotemporal dependencies, yet exist-
ing approaches tend to focus on addressing the problem from
the temporal perspective using channel-independent modeling,
with few works exploring effective spatial modeling for long-
term horizons. While recent methods use attention mechanisms
to capture spatial interactions, they suffer from producing diffuse
patterns when the number of variables increases. We propose
a spectral graph filtering approach that transforms learned
attention weights into graph Laplacians, enabling frequency-
aware spatial modeling through Chebyshev polynomial approxi-
mations. This design treats the multivariate time series as signals
over a graph, allowing the model to adaptively learn spatial
patterns most critical for long-term forecasting through learnable
spectral filters. Our method first projects temporal sequences
into a latent space, computes attention-based adjacency matrices,
then applies multi-scale spectral filtering to extract predictive
spatial patterns. Experiments on three benchmarks, Electric-
ity, Solar and Weather, demonstrate consistent improvements
over the representative baselines, validate that frequency-domain
spatial modeling offers a principled and scalable alternative to
conventional attention mechanisms for long-term multivariate
forecasting.

Index Terms—multivariate time series forecasting, spectral
graph filtering, spatiotemporal modeling, long-term forecasting,
graph signal processing

I. INTRODUCTION

Long-term multivariate time series forecasting (MTSF) is
essential for strategic planning and resource allocation across
domains including energy management, climate modeling, and
financial analytics [1]–[3]. The fundamental challenge lies in
accurately predicting future values for multiple interrelated
variables over extended horizons, a task complicated by en-
tangled spatiotemporal dependencies that become increasingly
noisy and unreliable as the forecasting window extends [4].

Recent advances in long-term MTSF have primarily ad-
dressed challenges from the temporal modeling perspective.
In particular, linear models have shown strong performance
by effectively capturing dominant trends and periodicities
in the input sequence, while maintaining computational effi-
ciency [5], [6]. However, these models often overlook the crit-
ical role of spatial (i.e., inter-variable) dependencies in MTSF.
Typically, channel-independent (CI) modeling [7] is adapted
as a workaround, which processes each variate separately.

Although this enhances modeling flexibility, it introduces sub-
stantial computational overhead and fails to exploit potential
cross-channel correlations [6]. Alternatively, attention-based
architectures such as iTransformer [8] learn global inter-
variable relationships through attention mechanism. While this
approach offers more flexibilities, it scales poorly when the
number of variates grows, often resulting in diffuse or un-
informative attention distributions [9], [10]. These limitations
underscore the need for more effective and scalable spatial
modeling mechanisms tailored to long-term MTSF.

A promising direction lies in spectral graph filtering [11],
which models spatial dependencies in the frequency domain.
Instead of learning direct pairwise interactions, spectral filter-
ing operates on the eigenbasis of the graph Laplacian, allowing
decomposition of graph signals into frequency components.
This enables the model to distinguish between low-frequency
structures representing smooth, global correlations and high-
frequency components encoding localized, rapidly changing
interactions. By leveraging a bank of learnable filters across
different frequency bands, e.g. via Chebyshev polynomial
filters, spectral filtering captures multi-scale spatial dependen-
cies that are critical for robust long-term forecasting. These
frequency-aware capabilities offer a compelling alternative to
conventional spatial modeling techniques, particularly in high-
dimensional multivariate settings.

To this end, we propose a novel spectral filtering model for
MTSF. Our method begins by projecting the temporal dimen-
sion into a high-dimensional latent space, after which attention
weights are computed across the spatial dimension. These
weights are subsequently transformed into a global graph
Laplacian matrix to enable graph filtering in the frequency
domain. This design allows the model to adaptively learn
spatial patterns that are most predictive for long-term hori-
zons. We evaluated our method on three benchmark datasets
including electricity, solar energy and weather condition,
demonstrating its superiority over representative models. Our
module achieves consistent gains in both MAE and RMSE,
verifying the effectiveness of our spectral strategy. The main
contributions of this work can be summarized as follows:

• We introduce a spectral filtering module that leverages
graph signal processing to model spatial dependencies,
offering a scalable alternative to attention mechanisms.
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• Our approach shows consistent improvements over rep-
resentative baselines on three real-world benchmarks,
validating the effectiveness of our approach.

II. RELATED WORKS

Recent advances in long-term time series forecasting can
be broadly categorized based on how they handle spatial
dependencies. A prominent line of work adopts CI modeling,
where each univariate time series is processed separately using
shared model weights. This strategy simplifies the learning
process and avoids interference between channels with dif-
ferent periodicities. Autoformer [4] introduces a decompo-
sition block that progressively separates trend and seasonal
components throughout the model, and replaces standard
attention with Auto-Correlation to discover periodic depen-
dencies. FEDformer [12] integrates seasonal-trend decompo-
sition with frequency-enhanced Transformer blocks, shifting
attention computation from the time domain to the frequency
domain via randomly selected Fourier or Wavelet components.
This design reduces computation complexity while improving
the capture of global temporal patterns. DLinear [5] and
RLinear [6] demonstrate that linear mappings, when combined
with trend-seasonal decomposition or reversible normaliza-
tion, can effectively capture long-range periodic behavior.
PatchTST [13] segments input sequences into local patches
and applies a shared Transformer to each channel indepen-
dently, improving efficiency and generalization. TiDE [14]
uses a lightweight MLP encoder-decoder with residual con-
nections and global skip pathways, enabling fast training
and strong performance without attention mechanisms. While
efficient, these models lack mechanisms for learning spatial
dependencies, which is critical for MTSF tasks.

A smaller subset of models explicitly addresses spatial
modeling across variables. TimesNet [15] transforms 1D time
series into 2D representations based on discovered periodici-
ties, then applies multi-scale inception blocks to capture both
intra-periodic and inter-variable patterns. Crossformer [16]
introduces a two-stage attention mechanism that separately
models cross-time and cross-variable dependencies using a hi-
erarchical encoder-decoder structure. iTransformer [8] reorders
the modeling paradigm by treating each variate as a token
and performing attention across channels, enabling explicit
learning of spatial correlations while temporal patterns are
modeled via linear mapping.

III. PRELIMINARIES

a) Graph Representation and Laplacian: Let a weighted
directed graph be denoted as G = (V,E,W ), where V is the
set of N nodes (e.g., variables in a multivariate time series),
E ⊆ V × V is the set of edges, and W ∈ RN×N is the
weighted adjacency matrix. The entry Wij > 0 indicates the
strength of interaction from node i to node j. To support
spectral analysis on directed graphs, we adopt the random walk
normalized Laplacian [18] defined as:

L = I −D−1W, (1)

where D ∈ RN×N is the diagonal out-degree matrix with
entries Dii =

∑
j Wij , and I is the identity matrix. This for-

mulation preserves the stochastic semantics of node transitions
and supports spectral graph analysis in directed settings.

b) Graph Spectral Theory: Spectral graph theory studies
the structural properties of a graph through the eigendecom-
position of its Laplacian. Given L, we compute:

L = UΛU⊤, (2)

where U ∈ RN×N contains the orthonormal eigenvectors of
L, and Λ ∈ RN×N is a diagonal matrix of non-negative
eigenvalues. The columns of U form the graph Fourier basis,
and the eigenvalues in Λ represent graph frequencies. Low-
frequency components correspond to smooth, globally coher-
ent patterns, while high-frequency components capture sharp,
localized variations.

c) Graph Spectral Filtering: Let x ∈ RN denote a graph
signal (e.g., values across all variables at a single time step).
Its graph Fourier transform is:

x̂ = U⊤x, (3)

and the inverse transform is:

x = Ux̂. (4)

Given a spectral filter g(Λ), the filtered signal is:

y = Ug(Λ)U⊤x. (5)

This operation modifies the signal in the frequency domain,
allowing selective emphasis or suppression of different fre-
quency bands. However, it is computationally expensive for
large graphs and is not localized in space [19], making this
approach impractical for deep learning applications.

d) Chebyshev Polynomial Approximation: To alleviate
the computational burden of full spectral filtering, the filter
function g(Λ) can be approximated using Chebyshev poly-
nomials [19]. First, the Laplacian is rescaled so that its
eigenvalues lie within [−1, 1]:

L̃ =
2L

λmax
− I, (6)

where λmax is the largest eigenvalue of L. The Chebyshev
polynomials Tk(x) are defined recursively as:

T0(x) = 1, T1(x) = x, Tk+1(x) = 2xTk(x)− Tk−1(x).
(7)

Using this basis, the filter is approximated as follows:

g(Λ) ≈
K∑

k=0

θkTk(Λ̃), (8)

where θk are learnable coefficients. Consequently, the filtering
operation becomes:

y ≈
K∑

k=0

θkTk(L̃)x. (9)

This approximation localizes filtering to a K-hop neigh-
borhood and reduces computational complexity. It enables
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Fig. 1. Overview of the proposed model for long-term multivariate time series forecasting. The model consists of three main components: (1) Temporal
Embedding (Violet Block): Input multivariate time series X ∈ RB×T×N , where T is the historical window and N is the number of variables, is first
permuted and projected through linear layers to extract temporal features for each variable independently, yielding embeddings in RB×N×D . (2) Spectral
Graph Filtering Module (Yellow Block) (detailed in the lower panel): The temporal embeddings undergo spatial modeling through our core innovation,
single head self-attention is firstly computed to generate a weighted adjacency matrix, which is then converted into a random walk Laplacian. Two-stage
Chebyshev polynomial filtering is applied to learn frequency-aware spatial patterns. The filtered features are recalibrated via a Squeeze-and-Excitation [17]
mechanism (Global Pool → MLP) and enhanced with a residual connection for stability. (3) Prediction Layer (Green Block): The spatially-enhanced features
are projected through a linear layer to produce H future time steps, resulting in the forecast Ŷ ∈ RB×H×N . This architecture enables adaptive learning of
spatial patterns in the frequency domain, offering improved scalability and performance for high-dimensional multivariate forecasting compared to conventional
attention-based methods.

efficient learning of spatial dependencies at multiple scales,
capturing both localized interactions and global variable dy-
namics relevant for long-term forecasting.

IV. METHODOLOGY

A. Problem Formulation

Let X ∈ RB×T×N denote the input multivariate time series,
where B is the batch size, T is the historical time window,
and N is the number of variables. The goal is to forecast the
future H time steps for all N variables, producing the output
Ŷ ∈ RB×H×N .

B. Model Architecture

The overall architecture of the proposed model consists of
three main components: a temporal embedding layer, a stack
of spectral graph filtering modules, and a prediction layer.
First, the temporal embedding layer transforms the temporal
sequence of each variable into a shared latent space, preserving
variable-specific temporal periodic patterns. Next, the spectral
graph filtering module captures inter-variable dependencies
in a frequency-aware manner by computing attention-based
Laplacians and applying multi-scale Chebyshev polynomial
filters. Finally, the prediction layer maps the filtered features
to future time steps via a linear projection. This modular

design enables flexible and efficient long-term forecasting. An
overview of the architecture is illustrated in Fig. 1.

1) Temporal Embedding Layer: Following the design of
iTransformer [8], we first transform the temporal dynamics
of each variable into a shared latent space. Given input X ∈
RB×T×N , we first permute the input to RB×N×T and apply
a linear projection across the temporal axis:

E0 = Linear(X) ∈ RB×N×dmodel , (10)

where dmodel is the embedding dimension.
2) Spectral Graph Filtering Module: To model spatial

dependencies in a frequency-aware manner, we introduce a
spectral graph filtering module composed of three stages: (1)
learning pairwise interactions via attention mechanism, (2)
constructing a Laplacian for spectral analysis, and (3) applying
multi-scale Chebyshev filtering with feature recalibration.

a) Attention-Based Graph Construction.: We first learn
a graph structure that captures spatial interactions of the
input. From the temporal embedded variable representations
E0 ∈ RB×N×dmodel , we compute spatial single-head raw
attention scores [20] as follows:

W raw =
(E0W

Q)(E0W
K)⊤√

dmodel
, (11)
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where WQ,WK ∈ Rdmodel×dmodel are learnable projection
matrices. Applying row-wise softmax function then ensures
normalized edge weights between each node:

W attn = softmax(W raw), (12)

This attention matrix defines a weighted directed graph where
W attn

i,j ∈ (0, 1) represents the normalized influence strength
from node i to node j. Unlike standard attention that directly
transforms features, we use these weights to construct a graph
Laplacian:

L = I −D−1
graphW

attn, (13)

where Dgraph is the row-sum degree matrix of W attn. This
random walk normalized graph Laplacian enables spectral
analysis while preserving the influence of edge weights.

b) Multi-Scale Spectral Filtering: We then approximate
spectral filters using Chebyshev polynomials. First, we rescale
the graph Laplacian by L̃ = 2L

λmax
− I . We then perform two-

stage Chebyshev filtering:

E(1) =

K1∑
k=0

θ
(1)
k Tk(L̃)E0, (14)

E(2) =

K2∑
k=0

θ
(2)
k Tk(L̃)E

(1), (15)

where Tk(·) denotes the k-th order Chebyshev polynomial and
θ
(·)
k are learnable filter coefficients. This sequential filtering

captures both short-range and long-range variable interactions.
c) Feature Recalibration.: To enhance the relevance of

learned features, we apply a Squeeze-and-Excitation [17]
operation. First, a global average pooling over variables is
computed as:

c =
1

N

N∑
i=1

E
(2)
i ∈ Rdmodel , (16)

it is then followed by a gating network:

s = σ(W2 ReLU(W1c)) ∈ Rdmodel , (17)

where W1 ∈ Rdmodel×dmodel/r, W2 ∈ Rdmodel/r×dmodel and r is a
reduction ratio. The gated features are:

Espec = E(2) ⊙ s. (18)

Then a MLP finalizes the feature recalibration:

Eout = MLP(Espec). (19)

3) Prediction Layer: The output of the spectral graph
filtering module Hout ∈ RB×N×dmodel is passed to a linear
prediction head, where the features are projected into the target
horizon by:

Ŷ = Linear(Espec) ∈ RB×N×H , (20)

which is then permuted to match the output shape RB×H×N .
This simple prediction head allows direct multi-step forecast-
ing in a non-autoregressive fashion.

TABLE I
STATISTICS OF THE DATASETS USED IN OUR EXPERIMENTS.

Dataset Electricity Solar Weather

# Variables 321 137 21
# Samples 18,317 36,601 36,792
# Frequency 60mins 10mins 10mins

V. EXPERIMENTS

A. Datasets

We evaluate our model on three widely-used real-world
benchmarks for long-term MTSF: Electricity [4], Solar [21],
and Weather [4]. These datasets span across diverse domains
with varying temporal frequencies, spatial resolutions, and
signal characteristics. Table I summarizes their key statistics.

• Electricity: Records hourly electricity consumption (in
kWh) from 321 clients in the United States, spanning
from 2012 to 2014.

• Solar: Contains 10-minute interval measurements of solar
power generation from 137 synthetic photovoltaic (PV)
sites in Alabama during the year 2006.

• Weather: Provides 10-minute resolution data for 21 me-
teorological variables (e.g., temperature, humidity, wind
speed) across various locations during 2020.

B. Settings

Our model is implemented in PyTorch and trained on two
NVIDIA RTX 3090 GPUs with an AMD EPYC 7301 CPU.
We use the Adam optimizer along with an ExponentialLR
learning rate scheduler. Early stopping is employed based on
validation loss with a patience of 3 epochs. To maintain a fair
comparison with other baselines, we follow prior works [4],
[6], [8], [8] and split all datasets into training, validation, and
testing sets using a fixed ratio of 7:1:2. The historical input
length is fixed to T = 96, and the forecasting horizon H is
set to one of the following values: H ∈ {96, 192, 336, 720}.
We use Mean Squared Error (MSE) and Mean Absolute Error
(MAE) as evaluation metrics. All results are reported on
the test set using the best model checkpoint determined by
validation loss.

C. Baselines

We evaluate against nine well-known baselines intro-
duced in Section II, representing two distinct spatial mod-
eling paradigms for in long-term MTSF: (1) CI methods
DLinear [5], RLinear [6], Autoformer [4], FEDformer [12],
PatchTST [13], TiDE [14], and (2) spatial dependency model-
ing Crossformer [16], TimesNet [15], iTransformer [8]. These
baselines span a wide range of architectural designs, offering
a comprehensive evaluation of our spectral filtering approach
against both spatial and non-spatial methods.
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TABLE II
PERFORMANCE COMPARISON ON THE ELECTRICITY, SOLAR AND WEATHER DATASETS. THE INPUT LENGTH IS 96, WHILE THE PREDICTION LENGTHS

ARE 96, 192, 336, 720. BEST RESULTS ARE IN RED BOLD, SECOND-BEST IN BLUE UNDERLINE.

Models Proposed iTransformer RLinear PatchTST Crossformer TiDE TimesNet DLinear FEDformer Autoformer

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

E
le

ct
ri

ci
ty

96 0.144 0.237 0.148 0.240 0.201 0.281 0.181 0.270 0.219 0.314 0.237 0.329 0.168 0.272 0.197 0.282 0.193 0.308 0.201 0.317
192 0.159 0.249 0.162 0.253 0.201 0.283 0.188 0.274 0.231 0.322 0.236 0.330 0.184 0.289 0.196 0.285 0.201 0.315 0.222 0.334
336 0.177 0.269 0.178 0.269 0.215 0.298 0.204 0.293 0.246 0.337 0.249 0.344 0.198 0.300 0.209 0.301 0.214 0.329 0.231 0.338
720 0.214 0.304 0.225 0.317 0.257 0.331 0.246 0.324 0.280 0.363 0.284 0.373 0.220 0.320 0.245 0.333 0.246 0.355 0.254 0.361

Avg 0.173 0.264 0.178 0.270 0.219 0.298 0.205 0.290 0.244 0.334 0.251 0.344 0.192 0.295 0.212 0.300 0.214 0.327 0.227 0.338

So
la

r

96 0.199 0.235 0.203 0.237 0.322 0.339 0.234 0.286 0.310 0.331 0.312 0.399 0.250 0.292 0.290 0.378 0.242 0.342 0.884 0.711
192 0.230 0.260 0.233 0.261 0.359 0.356 0.267 0.310 0.734 0.725 0.339 0.416 0.296 0.318 0.320 0.398 0.285 0.380 0.834 0.692
336 0.249 0.274 0.248 0.273 0.397 0.369 0.290 0.315 0.750 0.735 0.368 0.430 0.319 0.330 0.353 0.415 0.282 0.376 0.941 0.723
720 0.252 0.280 0.249 0.275 0.397 0.356 0.289 0.317 0.769 0.765 0.370 0.425 0.338 0.337 0.356 0.413 0.357 0.427 0.882 0.717

Avg 0.233 0.262 0.233 0.262 0.369 0.356 0.270 0.307 0.641 0.639 0.347 0.417 0.301 0.319 0.330 0.401 0.291 0.381 0.885 0.711

W
ea

th
er

96 0.170 0.208 0.174 0.214 0.192 0.232 0.177 0.218 0.158 0.230 0.202 0.261 0.172 0.220 0.196 0.255 0.217 0.296 0.266 0.336
192 0.219 0.253 0.221 0.254 0.240 0.271 0.225 0.259 0.206 0.277 0.242 0.298 0.219 0.261 0.237 0.296 0.276 0.336 0.307 0.367
336 0.276 0.295 0.278 0.296 0.292 0.307 0.278 0.297 0.272 0.335 0.287 0.335 0.280 0.306 0.283 0.335 0.339 0.380 0.359 0.395
720 0.356 0.348 0.358 0.347 0.364 0.353 0.354 0.348 0.398 0.418 0.351 0.386 0.365 0.359 0.345 0.381 0.403 0.428 0.419 0.428

Avg 0.255 0.276 0.258 0.278 0.272 0.291 0.259 0.281 0.259 0.315 0.271 0.320 0.259 0.287 0.265 0.317 0.309 0.360 0.338 0.382

Fig. 2. Performance comparison across different prediction horizons. Each panel shows MSE values for five representative models on (a) Electricity (321
variables), (b) Solar (137 variables), and (c) Weather (21 variables) datasets. The proposed spectral filtering method (blue) consistently achieves the lowest
error rates across all horizons on high-dimensional datasets, with particularly strong performance on Electricity.

D. Results and Analysis

Table II presents the performance comparison across the
datasets: Electricity, Solar, and Weather. Each model is evalu-
ated under four forecasting horizons H ∈ {96, 192, 336, 720},
representing increasing levels of difficulty. Fig. 2 visualizes
these results, clearly showing the consistent superiority of our
method across different prediction horizons. On the Electricity
dataset, which contains 321 variables, our model consistently
achieves the best performance across all horizons in both MAE
and MSE. Compared to the closest competitor, iTransformer,
our method reduces the average MSE by 2.8% and MAE by
2.2%. This strong performance highlights the effectiveness of
our spectral filtering module in large network, where spatial
dependencies are more complex. The superiority over iTrans-
former further supports our claim on the drawback of attention
mechanism on a large number of variables. In the Solar
dataset with 137 variables, our model performs comparably
to iTransformer, with both models achieving identical average
scores (0.233/0.262). Our model shows stronger performance
at shorter horizons (96, 192), whereas iTransformer slightly
outperforms at longer horizons (336, 720). This indicates
that while both models can effectively model medium-scale

spatial patterns, the benefits of spectral filtering are more
prominent when short-term periodic patterns dominate. The
drop in relative advantage at longer horizons may reflect an
increase in noise or a weaker spatial signal across extended
windows. The Weather dataset contains only 21 variables, and
here, the gap between models narrows further. Interestingly, at
H = 720, the channel-independent model DLinear achieves
the best MSE, suggesting that spatial modeling offers dimin-
ishing returns when the variable count is small and long-
term signal fidelity declines. This observation suggests that
the spatial dependencies are either weak or irrelevant at such
long horizons in low-dimensional datasets. Across datasets of
increasing node count (Weather < Solar < Electricity), we
observe that the advantage of our spectral graph filtering mod-
ule scales accordingly. This scaling behavior is quantitatively
demonstrated in Fig. 3, which reveals that the performance
gap between our spectral filtering approach and attention-
based methods grows monotonically the number of variables
increases. This confirms that spectral filtering scales more
gracefully with increasing variable count and captures spatial
interactions more effectively than soft attention alone.
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Fig. 3. Model performance over different variable dimensionalities across datasets. (a) Average MSE across all prediction horizons for key baseline methods,
plotted against the number of variables in each dataset. (b) Relative performance gap between the proposed spectral filtering approach and iTransformer’s
attention-based spatial modeling. The gap increases from 137 variables to 321 variables, demonstrating that spectral filtering scales more effectively than direct
attention mechanisms.

VI. CONCLUSION

In this work, we introduced a novel spectral graph filter-
ing framework for long-term multivariate time series fore-
casting, integrating temporal encoding with frequency-aware
spatial modeling. By transforming attention weights into graph
Laplacians and applying multi-scale Chebyshev polynomial
filters, our approach efficiently captures spatial dependencies,
outperforming conventional attention-based methods in high-
dimensional settings. Extensive experiments on Electricity, So-
lar, and Weather datasets demonstrate consistent improvements
in MAE and RMSE. These results validate the effectiveness
of spectral filtering for modeling complex multivariate depen-
dencies and highlight its scalability for real-world applications
such as energy management and climate forecasting. Future
work will explore adaptive filter designs to enhance robust-
ness and joint spatiotemporal modeling to better capture the
dynamic evolution of multivariate signals.
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