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Abstract

Time series forecasting (TSF) plays a crucial role in many
real-world applications, such as weather prediction and
economic planning. While Transformer-based models have
shown strong capabilities in modeling long-range dependen-
cies, effectively capturing the multi-scale temporal dynamics
inherent in time series remains a major challenge. Existing
methods often adopt time-windows of varying sizes, which
may introduce noisy or irrelevant representations when mis-
matched with the underlying temporal patterns, potentially
leading to overfitting. In this paper, we propose Sparse-Scale
Transformer (SSformer) with Bidirectional Awareness for
Time Series Forecasting to enhance the multi-scale modeling
for time series. Specifically, we propose a novel Sparse-Scale
Convolution (SSC) block that imposes sparsity on scales to
obtain the informative representations by evaluating the intra-
scale segment similarity of time series, and utilizes scale-
specific convolutions to extract local patterns. Furthermore,
we design a Bidirectional-Scale Interaction (BSI) block to
explicitly model scale correlations in both coarse-to-fine and
fine-to-coarse directions. Finally, scale predictions are en-
sembled to fully exploit the complementary forecasting capa-
bilities across scales. Extensive experiments on various real-
world datasets demonstrate that SSformer achieves state-of-
the-art performance with superior efficiency.

Code — https://github.com/yingliu-coder/SSformer

Introduction
Time Series Forecasting (TSF) is a fundamental task in ma-
chine learning, with broad applications in domains such as
weather prediction (Wu et al. 2023b; Nguyen et al. 2024),
economic planning (Lazcano, Herrera, and Monge 2023;
Cheng et al. 2022), energy consumption (Gao et al. 2023;
Stefenon et al. 2023), and traffic analysis (Liu et al. 2023;
Kieu et al. 2024). The objective is to model temporal depen-
dencies in historical observations to predict future values.

Classical methods such as autoregressive integrated mov-
ing average (ARIMA) (Box and Jenkins 1968) and seasonal-
trend decomposition via Loess (STL) (Cleveland et al. 1990)

*Bo Liu is the corresponding author
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Figure 1: (a) MTST applies fixed time-windows regardless
of temporal structures in time series, introducing noise and
causing overfitting. (b) The proposed model, SSformer im-
poses sparsity on scales to obtain the more discriminative
representations, alleviating overfitting and improving infer-
ence efficiency.

can model low-order linear dynamics, trend, and season-
ality effectively but are limited in capturing the complex,
nonlinear, and often nonstationary behaviors prevalent in
real-world time series. Recent advances in deep learning
have significantly propelled the field of time series forecast-
ing. In particular, Transformer-based models have demon-
strated strong potential to capture long-range dependencies
and complex temporal patterns, emerging as the dominant
paradigm (Shao et al. 2025; Qiu et al. 2024; Liu et al. 2024).

Real-world time series often exhibit rich temporal dynam-
ics on multiple scales (Wang et al. 2024; Cai et al. 2024).
For example, hourly weather data capture short-term fluc-
tuations, daily patterns reflect local trends, while yearly ag-
gregates reveal long-term climatic behavior. These charac-
teristics underscore the necessity of incorporating a multi-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

23899



scale temporal modeling paradigm to effectively capture
complex and scale-varying temporal dependencies. A com-
mon method is to downsample the raw series by multi-
ple scale factors via an average pooling operation (Shabani
et al. 2023; Wang et al. 2023a), but the nature of down-
sample makes them lose fine-grained local patterns. One
popular approach adopted by existing Transformer based
TSF models is using 1D convolution with varying-size time-
windows. For example, MTST (Zhang et al. 2024a) divides
the time series into different temporal scales with various
time-windows; Ada-MSHyper (Shang et al. 2024) employs
convolutional aggregation windows with different sizes to
get the feature representations at different scales. Using the
time-window whose size is different from time-series pat-
tern tends to introduce noisy feature, leading to model over-
fitting problem. Fig. 1 illustrates this by comparing MTST
and SSformer. As shown in Fig. 1(a), MTST uniformly ap-
plies a set of scales with fixed time-windows regardless
of whether they match the underlying temporal patterns in
the input series. This rigid strategy may cause noise, po-
tentially leading to overfitting prediction. In contrast, SS-
former (Fig. 1(b)) selectively retains the most informative
scales, effectively filtering out noisy representations and im-
proving both prediction accuracy and training stability. This
scale-sparse strategy encourages more effective and efficient
multi-scale modeling.

In this paper, we propose a Sparse-Scale Transformer (SS-
former) with Bidirectional Awareness for Time Series Fore-
casting to improve the capability of multi-scale modeling. In
concrete, we introduce a Sparse-Scale Convolution (SSC)
block that adaptively selects the most effective temporal
scales based on the temporal patterns of each time series.
Then, scale-specific convolutional operations are designed
to capture local temporal dependencies. Subsequently, with
the aim of adequately utilizing the correlations across scales,
we propose a Bidirectional-Scale Interaction (BSI) block to
incorporate two complementary interaction pathways. One
is coarse-to-fine interaction where coarse-grained represen-
tations provide trend-aware guidance to the feature learn-
ing of fine-scales. The other is fine-to-coarse interaction
where fine-grained representations supplement the lost de-
tails of coarse-scales by injecting the detail-rich information.
Finally, we ensembles multi-scale predictions to leverage
complementary forecasting capabilities. Extensive experi-
mental results demonstrate that SSformer significantly im-
proves the ability of multi-scale modeling with Transformer
architecture and achieves state-of-the-art performance on
various real-world datasets. For example, compared with
Times2D (Nematirad, Pahwa, and Natarajan 2025), SS-
former achieves an impressive 9.2% reduction in MSE, 4.6%
reduction in MAE, and 77.8% reduction in model parame-
ters on Weather dataset.

Our contributions are summarized as follows:

• Motivated by the overfitting problem arising from mis-
matches between time-window sizes and underlying tem-
poral patterns, we propose SSformer to filter out noisy
scales, which effectively improves the model efficiency
and forecasting accuracy.

• Going beyond previous multi-scale methods, we propose
a Sparse-Scale Convolution (SSC) block to select the in-
formative scales and introduce scale-specific convolution
operations to capture local dependencies.

• To effectively leverage the correlation across different
scales, we design a Bidirectional-Scale Interaction (BSI)
block that explicitly establishes scale interaction in both
coarse-to-fine and fine-to-coarse directions.

Related Work
Time Series Forecasting
Time series forecasting has been extensively studied using
deep learning methods based on various foundational ar-
chitectures, including RNN, MLP, CNN, and Transformer.
RNN-based methods represent sequential time steps under
the Markov assumption (Lai et al. 2018; Shen, Li, and Kwok
2020) but fail in capturing long-term dependencies and are
limited in efficiency due to their inherently sequential com-
putation paradigm. MLP-based methods offer notably re-
duced computational complexity (Wang et al. 2024; Huang
et al. 2024; Hu et al. 2025), but the simplicity of linear
mappings suffers from bottlenecks while modeling sophis-
ticated temporal dependencies. CNN-based models (Wang
et al. 2023a; Wu et al. 2023a) are efficient in extracting short-
term patterns but are constrained by fixed kernel sizes and
limited receptive fields, which hamper their ability to cap-
ture long-term dependencies and multi-scale features.

Transformer-based models have recently gained increas-
ing interest in TSF due to their powerful capacity to cap-
ture long-range dependencies. FEDformer (Zhou et al. 2022)
applies Fourier transformation to the frequency domain to
model the global dependencies. iTransformer (Liu et al.
2024) utilizes attention on the inverted dimension to cap-
ture multivariate correlations. Times2D (Nematirad, Pahwa,
and Natarajan 2025) reshapes the 1D time series into a 2D
tensor by using the Fast Fourier Transform to address the
multi-periodicity and sharp fluctuations in time series data.

Multi-Scale Feature Extraction for Time Series
Multi-scale modeling is effective for disentangling patterns
and extracting features in many domains such as natural lan-
guage processing (Nawrot et al. 2022; Li et al. 2022a; Zhao
et al. 2021) and computer vision (Li et al. 2022b; Zhang
et al. 2021; Wang et al. 2023b), yet remains relatively under-
explored in TSF. Pyraformer (Liu et al. 2022) uses a pyra-
midal attention module to summarize multi-scale features,
but concatenating tokens of all scales into time dimension.
This overlook the inter-scale interaction that is beneficial to
improve forecasting performance through integrating with
characteristics across different scales.

NHITS (Challu et al. 2023) and Scaleformer (Shabani
et al. 2023) employ multi-scale downsampling tokenization
to model dependencies of distinct scales. However, they typ-
ically utilize pooling operation or down-sampling to gener-
ate tokens, which contains weak semantic information and
neglect inherent temporal correlations between the segments
of time series. To extract comprehensive semantic informa-
tion, MTST (Zhang et al. 2024a) and MTPNet (Zhang et al.
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Figure 2: Overall architecture of SSformer. The Sparse-Scale Convolution (SSC) block obtains the sparse scales by evaluating
the intra-scale segment similarity, then assessing and removing redundant scales. The scale-specific convolutions extract local
temporal patterns. The Bidirectional-Scale Interaction (BSI) block effectively utilizes the scale correlations in both coarse-to-
fine (interaction of queries) and fine-to-coarse (interaction of values) directions. The keys remains unchanged to preserve the
semantic consistency. Finally, we aggregate the representations from all scales to enhance the forecasting ability.

2024b) divide time series into patches with multiple lengths
to obtain segment-level input tokens and model segment-
wise interaction in the attention mechanism. Nevertheless,
these patch-based methods struggle to capture local patterns,
which is essential for modeling complex temporal variations
in time series. Moreover, their fixed patch sizes is unsuit-
able for all time series samples, which often distort temporal
structures. Pathformer (Chen et al. 2024) incorporates mul-
tiple patch sizes corresponding to different scales into the
model and leverages backpropagation to adaptively select
the specific ones. But this method still introduces noise into
the model from redundant scales and incurs high computa-
tional overhead.

Methodology
The main objective of multivariate time series forecasting is
to predict the most probable future values by utilizing his-
torical observations. We denote the input time series X ∈
RL×D, where L is the length of the lookback sequence, D
is the number of features, and xd

l represents the value of the
d-th feature at historical time step l. Our target is to fit a
mapping function F : X → X̂ , where X̂ ∈ RT×D and T is
the length of the future time steps to be predicted.

As previously highlighted, the fundamental challenges in
TSF is to tackle intricate temporal patterns. In this paper, we
propose Sparse-Scale Transformer (SSformer) with Bidirec-
tional Awareness for Time Series Forecasting, which is ef-
fective for capturing complex temporal patterns across dif-
ferent scales. The Sparse-Scale Convolution (SSC) block
is designed to adaptively disentangle the multi-scale pat-
terns based on the characteristics of time series and em-
ploys scale-specific convolutions to extract local dependen-

cies. The Bidirectional-Scale Interaction (BSI) block explic-
itly establishes interactions across temporal scales in both
coarse-to-fine and fine-to-coarse directions to enhance the
forecasting capability of Transformer architecture. The over-
all architecture is illustrated in Fig. 2.

Sparse-Scale Convolution
Time series exhibit distinct characteristics across different
scales: fine-grained scales capture intricate local patterns,
whereas coarse-grained scales reveal overarching trends.
The temporal variability inherent in different time series
calls for scale-specific modeling tailored to their individ-
ual characteristics. Rather than using fixed-size patches or
down-sampling for multi-scale time series feature extrac-
tion, we propose a Sparse-Scale Convolution (SSC) which
leverages 1D convolution as a more adaptive way to capture
local dependencies.

Consider the conventional multi-scale tokenization with
fixed patches. We define a set of M patch size values as
P = {p1, p2, ..., pM}, with each patch size corresponding
to a patch tokenization operation. Given the input time se-
ries X ∈ RL×D, each patch tokenization operation with the
patch size pm embeds X into patches {X1, X2, ..., XL/pm

},
where each patch Xi ∈ Rpm×D. Different patch sizes pro-
duce tokens of diverse scales, where small pm presents fine-
grained scale, and large pm presents coarse-grained scale.
However, the fixed patch size set P is indiscriminately ap-
plied to all time series samples, which does not consider the
inherent periodicity or temporal structure of the individuals.
This leads to the mismatched scale representations which
obscure meaningful patterns, introduce noise, and ultimately
degrade the forecasting performance.
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To motivate our approach, we begin with an important in-
tuition in time series. Given a time series X with an inherent
periodicity of Tx, segments of time series with length Tx

tend to exhibit the highest degree of similarity. Conversely,
if dividing X into segments of length Tx yields maximal
similarity, it indicates that Tx is the pattern that most closely
approximates the underlying periodicity of the time series.

For each input time series, we evaluate a set of candi-
date segment lengths S = {s1, s2, ..., sM}, and assess the
intra-scale segment similarity to determine which segment
lengths best align with the sequence’s periodic structures.
For each segment length sm, we divide X into S (with
S = L/sm) segments as {X1, X2, ..., XS}, where each seg-
ment Xi ∈ Rsm×D contains sm time steps. Notably, to
make segment comparisons meaningful and invariant to am-
plitude, each segment Xi is individually normalized at the
time dimension. We then compute two pair-wise distance
matrice: a cosine similarity matrix C ∈ RS×S and and an
Euclidean distance matrix E ∈ RS×S , defined as:

Ci,j =
Xi ·Xj

∥Xi∥2∥Xj∥2
, (1)

Ei,j =
√

2− 2Ci,j . (2)

To aggregate the overall dissimilarity among segments,
we calculate the mean of the non-diagonal elements in the
Euclidean matrix:

ē =
1

S(S − 1)

∑
i̸=j

Ei,j . (3)

where S(S − 1) is the number of non-diagonal elements.
Finally, we define the similarity score of segment length sm
as the inverse of average pair-wise distance:

σ(sm) =
1

1 + ē
. (4)

This score reflects the similarity level among segments with
length sm, a higher σ(sm) indicates that segments are more
shape-consistent, suggesting that sm aligns well with a la-
tent periodicity in the time series. We repeat this process
over a candidate length set S = {s1, s2, ..., sM} and se-
lect the top-N using Max(·) function with highest similarity
scores:

S∗ = Max({σ(s1), σ(s2), ..., σ(sM )}, N). (5)
where S∗ = {s∗1, s∗2, ..., s∗N}(s∗i < s∗i+1) is the optimal set
of segment length, which is used to generate the tokens of
corresponding scales. This process allows us to adaptively
determine the most representative scales from fine to coarse
granularity, tailored to the temporal structure of each input
time series.

Once the optimal set S∗ = {s∗1, s∗2, ..., s∗N} is identified,
we treat them as kernel sizes to construct a set of scale-
specific 1D convolutional filters. Each convolutional filter is
adaptively designed to capture local temporal dependencies
within its corresponding receptive field. Formally, for each
specific scale s∗i ∈ S∗, we perform a 1D convolution oper-
ation Convs∗i (·) with the kernel size s∗i and the stride s∗i to
extract local patterns:

Hi = ReLU(Convs∗i
(X)) ∈ Rui×dN , (6)

Trend 
Guidance

Detail 
Supplement

Figure 3: The description of Bidirectional-Scale Interaction.
It establishes scale correlations in both coarse-to-fine and
fine-to-coarse directions.

where ReLU(·) is the activation function, {Hi}Ni=1 is the fi-
nal multi-scale segment tokens, ui = ⌈L/s∗i ⌉ is the length
of Hi, and dN is the dimension of hidden state.

Bidirectional-Scale Interaction
Temporal patterns in real-world time series often span mul-
tiple scales. Utilizing the correlations across these scales
is crucial for modeling complex patterns. However, many
Transformer models fail to effectively establish the correla-
tions of different scales. As shown in Fig. 3, we propose the
Bidirectional-Scale Interaction (BSI) block to enable infor-
mation interaction between temporal scales in both coarse-
to-fine and fine-to-coarse directions, facilitating the integra-
tion of global trends and local details.

Instead of adopting a heavy encoder-decoder transformer,
we introduce an encoder-only Transformer to enhance the
modeling of temporal dependencies in TSF, offering im-
proved efficiency by avoiding the computation of sequen-
tial decoding inherent in traditional Transformer architec-
tures (Zhou et al. 2021; Feng, Huang, and Krompass 2024).

Concretely, in BSI block, we design N parallel atten-
tion blocks which aligns with the number of sparse scales.
Then, we compute the self-attention of the multi-scale seg-
ment tokens {Hi}Ni=1 to model the segment-wise global de-
pendencies. To utilize complementary forecasting capabili-
ties, we retain the tokenization scheme employed in previ-
ous Transformer-based models that embed the raw time se-
ries X into point tokens H0 ∈ Ru0×dN (u0 = L) and add
a new attention block to model the point-wise global de-
pendencies. Therefore, the incorporated multi-scale tokens
are {Hi}Ni=0. We adopt corresponding linear layers to get
queries {Qi}Ni=0, keys {Ki}Ni=0, and values {Vi}Ni=0, where
Qi,Ki, Vi ∈ Rui×dN .

Coarse-to-Fine Interaction. In coarse-to-fine interac-
tion, we allow a coarse-grained representation Hi to guide
a finer-grained representation Hi−1(i > 0) by injecting
trend-aware guidance into the fine-scale queries. To align
the sequence lengths, we first upsample the coarse queries
Qi to match the finer scale ui−1 by using a linear layer
UpLayeri→i−1(·), denoted as:

Q̃i→i−1 = UpLayeri→i−1(Qj) ∈ Rui×dN . (7)

We then incorporate the Q̃i→i−1 into the finer-scale queries:

Q′
i−1 = Qi−1 + Q̃i→i−1 (8)

where Q′
i−1 is the enriched queries.
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Models SSformer Times2D iTransformer MTST TimeMixer PatchTST TimesNet Scaleformer MICN FEDformer
Ours (2025) (2024) (2024) (2024) (2023) (2023) (2023) (2023) (2022)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
W

ea
th

er 96 0.156 0.204 0.181 0.221 0.174 0.214 0.175 0.216 0.163 0.209 0.177 0.218 0.172 0.220 0.220 0.289 0.198 0.261 0.217 0.296
192 0.203 0.245 0.228 0.260 0.221 0.254 0.219 0.255 0.208 0.250 0.225 0.259 0.219 0.261 0.341 0.385 0.239 0.299 0.276 0.336
336 0.250 0.284 0.280 0.297 0.278 0.296 0.276 0.296 0.251 0.287 0.278 0.297 0.280 0.306 0.463 0.455 0.285 0.336 0.339 0.380
720 0.338 0.337 0.355 0.345 0.358 0.347 0.351 0.346 0.339 0.341 0.354 0.348 0.365 0.359 0.682 0.565 0.351 0.388 0.403 0.428

E
le

ct
ri

ci
ty 96 0.141 0.238 0.175 0.269 0.148 0.240 0.160 0.248 0.153 0.247 0.181 0.270 0.168 0.272 0.182 0.297 0.180 0.293 0.193 0.308

192 0.157 0.251 0.184 0.273 0.162 0.253 0.171 0.263 0.166 0.256 0.188 0.274 0.184 0.289 0.188 0.300 0.189 0.302 0.201 0.315
336 0.174 0.268 0.199 0.288 0.178 0.269 0.188 0.281 0.185 0.277 0.204 0.293 0.198 0.300 0.210 0.324 0.198 0.312 0.214 0.329
720 0.209 0.303 0.235 0.319 0.225 0.317 0.230 0.315 0.225 0.310 0.246 0.324 0.220 0.320 0.232 0.339 0.217 0.330 0.246 0.355

E
T

T
m

1 96 0.318 0.355 0.330 0.364 0.334 0.368 0.323 0.360 0.320 0.357 0.329 0.367 0.338 0.375 0.355 0.398 0.365 0.387 0.379 0.419
192 0.360 0.379 0.361 0.382 0.377 0.391 0.363 0.386 0.361 0.381 0.367 0.385 0.374 0.387 0.428 0.455 0.403 0.408 0.426 0.441
336 0.393 0.402 0.407 0.417 0.426 0.420 0.393 0.406 0.390 0.404 0.399 0.410 0.410 0.411 0.524 0.487 0.436 0.431 0.445 0.459
720 0.449 0.440 0.472 0.450 0.491 0.459 0.453 0.441 0.454 0.441 0.454 0.439 0.478 0.450 0.558 0.517 0.489 0.462 0.543 0.490

E
T

T
m

2 96 0.171 0.254 0.174 0.262 0.180 0.264 0.174 0.256 0.175 0.258 0.175 0.259 0.187 0.267 0.182 0.275 0.197 0.296 0.203 0.287
192 0.235 0.302 0.241 0.303 0.250 0.309 0.243 0.302 0.237 0.299 0.241 0.302 0.249 0.309 0.251 0.318 0.284 0.361 0.269 0.328
336 0.307 0.338 0.301 0.342 0.311 0.348 0.301 0.340 0.298 0.340 0.305 0.343 0.321 0.351 0.340 0.375 0.381 0.429 0.325 0.366
720 0.403 0.395 0.397 0.396 0.412 0.407 0.397 0.395 0.391 0.396 0.402 0.400 0.408 0.403 0.435 0.433 0.549 0.522 0.421 0.415

E
T

T
h1

96 0.373 0.393 0.376 0.395 0.386 0.405 0.376 0.393 0.375 0.400 0.414 0.419 0.384 0.402 0.396 0.440 0.426 0.446 0.395 0.424
192 0.432 0.431 0.435 0.423 0.441 0.436 0.429 0.422 0.429 0.421 0.460 0.445 0.436 0.429 0.434 0.460 0.454 0.464 0.469 0.470
336 0.483 0.454 0.457 0.439 0.487 0.458 0.444 0.436 0.484 0.458 0.501 0.466 0.491 0.469 0.462 0.476 0.493 0.487 0.530 0.499
720 0.519 0.495 0.465 0.464 0.503 0.491 0.469 0.466 0.498 0.482 0.500 0.488 0.521 0.500 0.494 0.500 0.526 0.526 0.598 0.544

E
T

T
h2

96 0.281 0.332 0.290 0.338 0.297 0.349 0.293 0.342 0.289 0.341 0.302 0.348 0.340 0.374 0.364 0.407 0.372 0.424 0.358 0.397
192 0.367 0.385 0.379 0.393 0.380 0.400 0.371 0.389 0.372 0.392 0.388 0.400 0.402 0.414 0.466 0.458 0.492 0.492 0.429 0.439
336 0.394 0.418 0.377 0.407 0.428 0.432 0.382 0.409 0.386 0.414 0.426 0.433 0.452 0.452 0.479 0.476 0.607 0.555 0.496 0.487
720 0.395 0.420 0.412 0.433 0.427 0.445 0.415 0.434 0.412 0.434 0.431 0.446 0.462 0.468 0.487 0.492 0.824 0.655 0.463 0.474

So
la

r 96 0.197 0.236 0.236 0.283 0.203 0.237 0.236 0.253 0.189 0.259 0.234 0.286 0.250 0.292 0.271 0.331 0.257 0.325 0.242 0.342
192 0.222 0.268 0.278 0.310 0.233 0.261 0.257 0.284 0.222 0.283 0.267 0.310 0.296 0.318 0.288 0.332 0.278 0.354 0.285 0.380
336 0.245 0.271 0.291 0.321 0.248 0.273 0.276 0.309 0.231 0.292 0.290 0.315 0.319 0.330 0.358 0.412 0.298 0.375 0.282 0.376
720 0.247 0.287 0.290 0.317 0.249 0.275 0.289 0.321 0.223 0.285 0.289 0.317 0.338 0.337 0.377 0.437 0.299 0.379 0.357 0.427

E
xc

ha
ng

e 96 0.085 0.200 0.080 0.207 0.086 0.206 0.080 0.205 0.086 0.204 0.088 0.205 0.107 0.234 0.109 0.240 0.102 0.235 0.148 0.278
192 0.171 0.296 0.179 0.299 0.177 0.299 0.178 0.299 0.176 0.298 0.176 0.299 0.226 0.344 0.241 0.353 0.172 0.316 0.271 0.315
336 0.348 0.429 0.325 0.410 0.331 0.417 0.318 0.405 0.345 0.426 0.301 0.397 0.367 0.448 0.471 0.508 0.272 0.407 0.460 0.427
720 0.843 0.715 0.848 0.688 0.847 0.691 0.845 0.683 0.848 0.692 0.901 0.714 0.964 0.746 1.259 0.865 0.714 0.658 1.195 0.695

Tr
af

fic

96 0.420 0.288 0.521 0.356 0.395 0.268 0.422 0.271 0.462 0.285 0.462 0.295 0.593 0.321 0.564 0.351 0.577 0.350 0.587 0.366
192 0.434 0.298 0.505 0.341 0.417 0.276 0.437 0.281 0.473 0.296 0.466 0.296 0.617 0.336 0.570 0.349 0.589 0.356 0.604 0.373
336 0.468 0.301 0.528 0.355 0.433 0.283 0.451 0.285 0.498 0.296 0.482 0.304 0.629 0.336 0.576 0.349 0.594 0.358 0.621 0.383
720 0.487 0.309 0.566 0.373 0.467 0.302 0.490 0.309 0.506 0.313 0.514 0.322 0.640 0.350 0.602 0.360 0.613 0.361 0.626 0.382

Table 1: Multivariate time series forecasting results. A lower MSE or MAE indicates a better prediction. We fix the lookback
length L = 96 and set the prediction length T ∈ {96, 192, 336, 720} for all experiments. The best results are highlighted in
bold and the second-best are underlined.

Fine-to-Coarse Interaction. In the fine-to-coarse direc-
tion, we integrate detail-rich information from a fine-grained
representation Hi−1 into a coarser-grained representation
Hi to supplement lost details. Specifically, we downsample
the fine-grained values Vi−1 to match the coarser scale ui by
using a linear layer DownLayeri−1→i(·), denoted as:

Ṽi−1→i = DownLayeri−1→i(Vi−1) ∈ Rui×dN . (9)
We then enhance the coarser values Vj as:

V ′
i = Vi + Ṽi−1→i (10)

where V ′
i is the enriched values.

Subsequently, the enriched queries and values is used to
compute attention with its corresponding keys:

Attni = Softmax(
Q′

iK
T

√
dN

)V ′
i (11)

Following the general formulation, the encoder also include
layer normalization and feed forward networks with resid-
ual connections. Afterwards it generates the final multi-scale
representations denoted as {Zi}Ni=0.

Finally, we aggregate the refined representations from all
scales and use it to predict the future time series:

X̂ = Predictor(
N∑
i=0

Zi) (12)

where Predict(·) is a linear layer to obtain the predictions.
The Bidirectional-Scale Interaction block explicitly mod-

els the interaction of different scales, which enhances the
extraction of multi-scale temporal patterns, leading to more
accurate forecasting performance.

Experiment
Experimental Setup
Datasets. We conduct experiments on six real-world bench-
mark datasets, including Weather, Electricity, ETT (ETTm1,
ETTm2, ETTh1, ETTh2), Solar, Exchange, and Traffic.
Baselines. We select nine representative time series fore-
casting methods served as our baselines, including (1)
Transformer-based methods: Times2D (Nematirad, Pahwa,
and Natarajan 2025), iTransformer (Liu et al. 2024),
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Model Metric Weather Electricity ETTm2 ETTh2
96 192 336 720 96 192 336 720 96 192 336 720 96 192 336 720

SSformer MSE 0.156 0.203 0.250 0.338 0.141 0.157 0.174 0.209 0.171 0.235 0.307 0.403 0.281 0.367 0.384 0.395
MAE 0.204 0.245 0.284 0.337 0.238 0.251 0.268 0.303 0.254 0.302 0.338 0.395 0.332 0.385 0.411 0.420

W/O-SS MSE 0.183 0.229 0.279 0.356 0.166 0.184 0.189 0.234 0.185 0.253 0.319 0.415 0.298 0.383 0.396 0.401
MAE 0.218 0.266 0.302 0.360 0.254 0.278 0.289 0.319 0.268 0.323 0.354 0.416 0.354 0.402 0.428 0.443

W/O-Conv MSE 0.175 0.216 0.255 0.357 0.152 0.174 0.187 0.220 0.179 0.242 0.315 0.412 0.287 0.378 0.386 0.397
MAE 0.211 0.255 0.302 0.352 0.245 0.258 0.283 0.322 0.261 0.312 0.347 0.404 0.342 0.397 0.428 0.435

W/O-CTF MSE 0.162 0.209 0.264 0.350 0.149 0.168 0.179 0.217 0.175 0.238 0.312 0.408 0.283 0.374 0.389 0.399
MAE 0.209 0.249 0.295 0.345 0.248 0.263 0.273 0.312 0.259 0.305 0.343 0.401 0.338 0.393 0.421 0.425

W/O-FTC MSE 0.158 0.213 0.261 0.339 0.145 0.164 0.182 0.210 0.174 0.238 0.311 0.409 0.283 0.376 0.385 0.398
MAE 0.210 0.252 0.286 0.342 0.246 0.266 0.274 0.318 0.259 0.306 0.401 0.399 0.333 0.387 0.415 0.423

Table 2: Ablation study of designed components. W/O-SS, W/O-Conv, W/O-CTF, and W/O-FTC represent removing the sparse
scale, convolution operation, coarse-to-fine interaction, and fine-to-coarse interaction.

96 192 336 720
Input Length

0.15

0.17

0.19

M
SE

Weather

96 192 336 720
Input Length

0.13

0.15

0.17

M
SE

Electricity

96 192 336 720
Input Length

0.15

0.17

0.19

M
SE

ETTm2

96 192 336 720
Input Length

0.27

0.29

0.31

M
SE

ETTh2

SSformer Times2D MTST iTransformer

Figure 4: The MSE performance on four datasets with the
lookback length L ∈ {96, 192, 336, 720} and fixed predic-
tion length T = 96.

MTST (Zhang et al. 2024a), PatchTST (Nie et al. 2023),
Scaleformer (Shabani et al. 2023), and FEDformer (Zhou
et al. 2022). (2) CNN-based methods: TimesNet (Wu et al.
2023a) and MICN (Wang et al. 2023a). (3) MLP-based
method: TimeMixer (Wang et al. 2024).
Implementation Details. Notably, experimental results re-
ported by the above mentioned baselines cannot be com-
pared directly due to different input and prediction lengths.
To ensure fair comparisons, we align the input length of all
baselines that are set to L = 96 and the prediction lengths
that are set to T ∈ {96, 192, 336, 720}. For training, we
utilize the L2 loss and the Adam optimizer with an initial
learning rate of 1 × 10−4. Following the baselines, we also
use Mean Squared Error (MSE) and Mean Absolute Error
(MAE) as the evaluation matrics. All experiments are con-
ducted using PyTorch on a NVIDIA A40 48GB GPU and
are repeated five times for consistency.

Main Results
The forecasting results are presented in Tab. 1. SSformer
stands out with the best performance in 41 cases and the
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Figure 5: The MSE performance with lookback length L =
96 and prediction length T ∈ {96, 192, 336, 720} varies
with N on Weather (upper) and Electricity (lower) dataset.

second-best in 15 cases out of the overall 72 cases. Notably,
SSformer outperforms strong linear model TimeMixer and
CNN-based models TimesNet with 6.6% and 11.5% reduc-
tion respectively in MSE on Electricity dataset. This reveals
the promising capability of Transformer architecture in ad-
vancing time series forecasting. Compared with the gen-
eral Transformer models Times2D and iTransformer, SS-
former demonstrates a significant improvement on four ETT
datasets where multitudinous variations frequently over-
lap and interact. Moreover, compared with the multi-scale
Transformer model MTST, SSformer exhibits better perfor-
mances, with 7.1% and 14.0% reduction in MSE on Weather
and Solar datasets. This demonstrates that the scale sparsity
and bidirectional interaction modeling is beneficial for en-
hancing the forecasting performance.

Model Analysis
Ablation study on designed components. We perform ab-
lation studies on four datasets to assess the impact of each
SSformer component. Tab. 2 presents the results.

We conduct experiments by removing the sparse scale
operation (denoted as W/O-SS). As shown in the results,
it leads to an significant increase in both MSE and MAE,
with particularly rises of 13.5% and 7.5% on the Electricity
dataset. This result further highlights the importance of scale
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Figure 6: Visualization of input-96-predict-96 results on the Electricity (upper) and Weather (lower) datasets.
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Figure 7: Inference time (ms/iter), model parameters (M),
and MSE comparisons on Weather dataset. The lookback
length and prediction length are all set to 96. SSformer D
is the model incorporating a decoder into SSformer.

sparsity in time series forecasting.
To exhibit the utilization of convolution operations, we

replace the convolutional tokenization method in SSC with
patching (W/O-Conv). As a result, this leads to a notice-
able performance degradation, with an increase of 5.9% and
4.5% in MSE and MAE respectively on the Weather dataset,
which confirm that convolutional operations play a vital role
in learning temporal dependencies.

To show the effectiveness of BSI, we remove the coarse-
to-fine interaction (W/O-CTF) and fine-to-coarse interaction
(W/O-FTC) respectively. The results show that removing
these two interactions decreases performance. Therefore,
taking full advantage of scale correlations is conducive to
boost the forecasting capability.
Performance with different lookback lengths. We set
lookback lengths L = {96, 192, 336, 720} while fixing
the prediction length T = 96. As shown in Fig. 4, SS-
former consistently achieves the lowest MSE across all look-
back lengths, demonstrating its superior capability in cap-
turing long-term dependencies and local patterns. Notably,
as the lookback length increases, SSformer steadily im-
proves its forecasting accuracy, whereas other models (e.g.,
iTransformer and Times2D) tend to suffer from performance
degradation or saturation. This improvement arises because
the Sparse-Scale Convolution of SSformer is effective to fil-

ter noise by focusing on the most representative temporal
patterns and discarding uninformative noise. Moreover, SS-
former achieves superior performance even when the look-
back length is as short as 96, while other models typically
require 192 or 336. This highlights SSformer’s strong ability
to extract informative patterns from limited lookback length.
Sensitivity of hyperparameters. To investigate the sensi-
tivity of the hyperparameter N , we conduct experiments on
the Weather and Electricity datasets, with results showed in
Fig. 5. For the Weather dataset, performance improves as N
increases from 1 to 3, with the best results at N = 3. Fur-
ther increasing N to 4 or 5 brings no additional gains. For
the Electricity dataset, N = 4 and N = 5 achieve the best
overall performance. These results demonstrate that impos-
ing sparsity on scales is beneficial, while overly large N may
dilute important patterns.
Visualization of prediction results. To provide a intu-
itional comparison, we give the prediction showcases of SS-
former and four competitive baselines on Weather and Elec-
tricity datasets in Fig. 6. Our observations reveal that SS-
former produces predictions that more closely align with the
ground truth, particularly in terms of periodic variations and
local fluctuations. Moreover, compared with the multi-scale
method MTST and Scaleformer that tend to overfit sharp or
noisy fluctuations, SSformer yields more robust predictions
that better reflect the underlying temporal patterns.
Efficiency Analysis. We conduct a comparison of infer-
ence time and model parameters on the Weather dataset, us-
ing official model settings and a consistent batch size. The
results shown in Fig. 7 demonstrate that SSformer outper-
forms other models in inference speed and model parame-
ters, which can be attributed to its encoder-only architecture
and the inherent parallelism of multi-scale processing.

Conclusion
In this paper, we propose the Sparse-Scale Transformer (SS-
former) with Bidirectional Awareness for Time Series Fore-
casting to address the overfitting problem in multi-scale
modeling by remove the noisy scale representations. We
further establish the bidirectional scale interaction to en-
hance the pattern extraction. Experimental results on various
datasets demonstrate that SSformer achieves state-of-the-art
forecasting performance and exhibits superior efficiency.
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