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Abstract

Transformer-based and MLP-based methods have emerged as
leading approaches in time series forecasting (TSF). How-
ever, real-world time series often show different patterns at
different scales, and future changes are shaped by the in-
terplay of these overlapping scales, requiring high-capacity
models. While Transformer-based methods excel in captur-
ing long-range dependencies, they suffer from high compu-
tational complexities and tend to overfit. Conversely, MLP-
based methods offer computational efficiency and adept-
ness in modeling temporal dynamics, but they struggle with
capturing temporal patterns with complex scales effectively.
Based on the observation of multi-scale entanglement ef-
fect in time series, we propose a novel MLP-based Adaptive
Multi-Scale Decomposition (AMD) framework for TSF. Our
framework decomposes time series into distinct temporal pat-
terns at multiple scales, leveraging the Multi-Scale Decom-
posable Mixing (MDM) block to dissect and aggregate these
patterns. Complemented by the Dual Dependency Interac-
tion (DDI) block and the Adaptive Multi-predictor Synthesis
(AMS) block, our approach effectively models both temporal
and channel dependencies and utilizes autocorrelation to re-
fine multi-scale data integration. Comprehensive experiments
demonstrate our AMD framework not only overcomes the
limitations of existing methods but also consistently achieves
state-of-the-art performance across various datasets.

Code — https://github.com/TROUBADOUR000/AMD

Introduction
Time series forecasting (TSF) aims to use historical data
to predict future values across various domains, such as
finance (Cheng et al. 2022, 2018; Zhu et al. 2024), en-
ergy (Xue and Salim 2023), traffic management (Kim et al.
2022), and weather forecasting (Volkovs, Urtans, and Caune
2024). Recently, deep learning has made substantial and re-
liable advancements in TSF, with the most state-of-the-art
performances achieved by Transformer-based methods (Nie
et al. 2023; Zhou et al. 2022b; Zhang and Yan 2023) and
MLP-based methods(Zeng et al. 2023; Tolstikhin et al. 2021;
Li et al. 2023b; Qiu et al. 2024).

*These authors contributed equally.
†Corresponding author: Dawei Cheng and Tao Dai.
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Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Illustration of multi-scale temporal patterns in time
series and the impact of selector weights. Transformer-based
methods often overfit by overemphasizing mutation points,
weakening temporal relationships. Efficiently modeling and
integrating distinct temporal patterns at various scales is cru-
cial for accurate predictions.

It is worth noting that time series exhibit distinctly differ-
ent temporal patterns at various sampling scales (Wang et al.
2024). Moreover, the weight of these time scales in predict-
ing future variations is not uniform, as future variations are
jointly determined by the entangle of multiple scales (see
Fig. 1). For example, weather data sampled hourly reflects
fine-grained, sudden changes, while monthly sampled data
captures coarse-grained climate variations. Similarly, while
short-term hourly data might highlight immediate weather
shifts, long-term monthly data provides a broader view of
climatic trends. Therefore, efficiently modeling the multi-
scale changes in time series and adeptly integrating infor-
mation across different scales, which requires high-capacity
models, remains a critical challenge.

Although Transformer-based methods excel at modeling
long-range dependencies due to the self-attention mech-
anisms (Vaswani et al. 2017), they come with computa-
tional complexity that scales quadratically with the length of
the sequence. Despite their recognized performance, these
methods still face challenges in industrial applications, in-
cluding low training efficiency and high memory consump-
tion. Additionally, self-attention can diminish the tempo-
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ral relationships when extracting semantic correlations be-
tween pairs in long sequences (Zeng et al. 2023), leading to
an overemphasis on mutation points and resulting in over-
fitting (see Fig. 1). In contrast, MLP-based methods boast
significantly lower computational complexity compared to
Transformer-based methods. Moreover, MLP-based meth-
ods can chronologically model the temporal dynamics in
consecutive points, which is crucial for time series analy-
sis (Zeng et al. 2023; Das et al. 2023). However, the sim-
plicity of linear mappings in existing MLP-based methods
presents an information bottleneck (Liu et al. 2024b), hin-
dering their ability to capture diverse temporal patterns and
limiting their predictive accuracy (Ni et al. 2024).

Motivated by the above observations, we decompose the
time series at multiple scales to precisely discern the inter-
twined temporal patterns within the complex series, rather
than merely breaking it down into seasonal and trend com-
ponents (Wu et al. 2021; Zeng et al. 2023). Subsequently,
we model the correlations across different scales in both
time and channel dimensions. Unlike average aggregation
of TimeMixer (Wang et al. 2024), to account for the vary-
ing impacts of different temporal patterns on the future, we
employ an autocorrelation approach to model their contri-
butions and adaptively integrate these multi-scale temporal
patterns based on their respective influences.

Technically, we propose an MLP-based Adaptive Multi-
Scale Decomposition (AMD) Framework to better disentan-
gle and model the diverse temporal patterns within time se-
ries. In concrete, the AMD initiates by employing the Multi-
Scale Decomposable Mixing (MDM) block, which first de-
composes the original time series into multiple temporal pat-
terns through average downsampling and then aggregates
these scales to provide aggregate information in a residual
way. Subsequently, the Dual Dependency Interaction (DDI)
block simultaneously models both temporal and channel de-
pendencies within the aggregated information. Finally, the
Adaptive Multi-predictor Synthesis (AMS) block uses the
aggregated information to generate specific weights and then
employs these weights to adaptively integrate the multiple
temporal patterns produced by the DDI. Through compre-
hensive experimentation, our AMD consistently achieves
state-of-the-art performance in both long-term and short-
term forecasting tasks, with superior efficiency across mul-
tiple datasets.

Our contributions are summarized as follows:

• We decompose time series across multiple scales to pre-
cisely identify dominant intertwined temporal patterns
within complex sequences and adaptively aggregate pre-
dictions of temporal patterns at different scales, address-
ing their varied impacts on future forecasts. We also
demonstrate the feasibility through theoretical analysis.

• We propose a simple but effective MLP-based Adaptive
Multi-Scale Decomposition (AMD) framework that ini-
tially decomposes time series into diverse temporal pat-
terns, models both temporal and channel dependencies of
these patterns, and finally synthesizes the outputs using a
weighted aggregation approach to focus on the changes
of dominant temporal patterns, thereby enhancing pre-

diction accuracy across scales.
• Comprehensive experiments demonstrate that our AMD

consistently delivers state-of-the-art performance in both
long-term and short-term forecasting across various
datasets, with superior efficiency.

Related Works
Time Series Forecasting
Recently, deep learning methods for TSF have gained promi-
nence , such as CNN (Wang et al. 2023; Dai et al. 2024),
RNN (Lin et al. 2023; Jia et al. 2023), GNN (Wu et al.
2020; Yi et al. 2023), Transformer (Wu et al. 2021; Liu
et al. 2024a) and MLP (Das et al. 2023; Zhang et al. 2022).
Transformer-based models, renowned for superior perfor-
mance in handling long sequential data, have gained popu-
larity in TSF. PatchTST (Nie et al. 2023) divides the time se-
ries into patches to enhance locality. Beyond cross-time de-
pendencies, Crossformer (Zhang and Yan 2023) also mines
cross-variable dependencies. However, Transformer-based
models always suffer from efficiency problems due to high
computational complexity. In contrast, MLP-based models
have a smaller memory footprint. FITS (Xu, Zeng, and Xu
2024) proposes a new linear mapping for the transformation
of complex inputs, with only 10k parameters. However, due
to the inherent simplicity and information bottleneck, MLP-
based models struggle to effectively capture diverse tempo-
ral patterns (Ni et al. 2024). In this work, we decompose time
series across multiple scales and use separate linear models
for each, effectively addressing such representational limits.

Mixture of Experts for TSF
The concept of Mixture of Experts (MoE) has a long his-
tory (Jacobs et al. 1991; Jordan 1994). Recent advances
in large language models (LLM) have reignited interest in
MoE (Kim, Lim, and Han 2024; Xue et al. 2024). However,
in the TFS domain, the utilization of MoE remains limited.
FiLM (Zhou et al. 2022a) assigns input sequences with dif-
ferent time horizons to various experts for forecasting. FED-
former (Zhou et al. 2022b) extracts a set of data-dependent
weights by MoE for combining multiple trend components
as the final trend. In our work, we harness the adaptability
of MoE to craft distinct predictors customized for individual
temporal patterns, thereby optimizing model performance
and enhancing overall model interpretability.

Series Decomposition in TSF
Lately, with high sampling rates leading to high-frequency
data (such as daily, hourly, or minutely data), real-world
time series data often contains multiple underlying temporal
patterns. To competently harness different temporal patterns
at various scales, several series decomposition designs are
proposed (Liu et al. 2022; Oreshkin et al. 2020). Seasonal-
Trend decomposition (Wu et al. 2021) uses moving averages
to separate seasonal and trend components. TimesNet (Wu
et al. 2023) uses Fast Fourier Transform to extract multiple
dominant frequencies, while SCINet (LIU et al. 2022) em-
ploys a hierarchical downsampling tree to iteratively decom-
pose multi-scale information. TimeMixer (Wang et al. 2024)
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downsamples time series into different scales of seasonal
and trend sequences. However, they ignore high-order in-
teractions across different scales. Refining these designs, we
introduces an adaptive multi-scale decomposition method to
model the dynamic interactions and accurately discern dom-
inated temporal patterns.

Preliminary: Linear Models with Multi-Scale
Information for TSF

We consider the following problem: given a collection of
time series samples with historical observations X ∈ RC×L,
where C denotes the number of variables and L represents
the length of the look-back sequence. The objective is to pre-
dict Y ∈ RM×T , where M is the number of target variables
to be predicted (M ≤ C) and T is the length of the future
time steps to be predicted. A linear model learns parameters
A ∈ RL×T and b ∈ RT to predict the values of next T time
steps as:

Ŷ = XA⊕ b ∈ RC×L (1)
where ⊕ means column-wise addition. The corresponding
M rows in Ŷ can be used to predict Y.

After that, we introduce the multi-scale information. For
time series forecasting, the most influential real-world appli-
cations typically exhibit either smooth or periodicity. With-
out these characteristics, predictability tends to be low, ren-
dering predictive models unreliable. If the time series only
exhibits periodicity, linear models can easily model it (Chen
et al. 2023). We define the original sequence as f(x) =
f0(x) = [x1, x2, ..., xL] and assume that f(x) possesses
smoothness. After k downsampling operations with a down-
sampling rate of d, we obtain n sequences fi(x), ∀i =

1, 2, ..., n, where fi(x) = 1
d

∑xd
j=xd−d+1 fi−1(j) and x =

1, 2, ...,
[
L
di

]
. It is noteworthy that fi(x) ∈ RC×

[
L

di

]
, ∀i =

0, 1, ..., n. Then, the sequence fi(x), ∀i = 0, 1, ..., n is trans-
formed into gi(x) through linear mapping and residual cal-
culation. Specifically, gn(x) = fn(x),then through top-
down recursion for i = n− 1, ..., 0, the operation

gi(x) = fi(x) + gi+1(x)Wi (2)

is performed recursively, whereWi ∈ R
[

L

di+1

]
×
[

L

di

]
. In this

case, we derive the Theorem 1
Theorem 1. Let multi-scale mixing representation g(x),
where g(x) ∈ R1×L (for simplicity, we consider univari-
ate sequences) and the original sequence f(x) is Lipschitz

smooth with constant K (i.e.
∣∣∣ f(a)−f(b)a−b

∣∣∣ ≤ K), then

there exists a linear model such that |yt − ŷt| is bounded,
∀t = 1, ..., T .

This derivation demonstrates that linear models are well-
suited to utilize multi-scale information. For nonperiodic
patterns provided they exhibit smoothness, which is often
observed in practice, the error remains bounded.

Method
As mentioned above, the key challenge for accurate forecast-
ing is to deal with multi-scale temporal patterns that have an

entangled influence on the future evolution of variables. In
this paper, we propose AMD to enhance forecasting accu-
racy by capturing multi-scale entanglement through multi-
scale decomposition and an autocorrelation approach (see
Fig. 2). Specifically, AMD mainly consists of three com-
ponents: Multi-Scale Decomposable Mixing (MDM) Block,
Dual Dependency Interaction (DDI) Block, and Adaptive
Multi-predictor Synthesis (AMS) Block. The details of each
essential module are explained in the following subsections.

Multi-Scale Decomposable Mixing Block
Time series exhibit both coarse-grained temporal patterns
and fine-grained patterns. Together, these complementary
scales of information provide a comprehensive view of the
time series. Therefore, we first decompose the time series
into individual temporal patterns, and then mix them to en-
hance the time series data for a more nuanced analysis and
interpretation.

Specifically, the raw input information X already contains
fine-grained details, while coarse-grained information is ex-
tracted through average pooling. First-level temporal pat-
tern τ 1 is the input of one channel x. Next, distinct coarse-
grained temporal patterns τ i ∈ R1×b L

di−1 c(∀i ∈ 2, ..., h)
are extracted by applying average pooling over the previous
layer of temporal patterns, where h denotes the number of
downsampling operations and d denotes the downsampling
rate. The decomposition of the ith layer of temporal patterns
can be represented as:

τ i = AvgPooling(τ i−1) (3)

Then, distinct temporal patterns are mixed from the coarse-
grained τh to the fine-grained τ 1 through a feedforward
residual network, while ξi represents the mixed data and
ξh = τh. The mixing of the ith layer of temporal patterns
can be represented by the following formula:

ξi = τ i + MLP(ξi+1) (4)

Finally, after completing the mixing of temporal patterns
across h scales, we obtain mixed-scale information ξ1, with
the output of one channel being u = ξ1 ∈ R1×L.

Dual Dependency Interaction Block
We observed potential dynamic interactions across different
scales in various time series. Intuitively, in a stock price se-
ries, daily fluctuations are influenced by monthly economic
trends, which in turn are shaped by annual market cycles. As
a result, changes at each scale propagate through the system,
with the effects at one scale spilling over and altering the
dynamics at other scales. However, ScaleFormer (Shabani
et al. 2023) and TimeMixer (Wang et al. 2024) ignore these
potential high-order interactions among different scales.

To model the interactions across different scales, includ-
ing both temporal and channel dependencies, we propose the
DDI block with time-mixing and channel-mixing. DDI first
stacks the aggregated information u from various channels
of the MDM into the matrix U ∈ RC×L and then performs
patch operations to transform U into Û ∈ RC×N×P . For
each patch, V̂t+P

t represents the embedding output of the
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Figure 2: Overall structure of the proposed AMD. MDM decomposes and mixes multi-scale information. DDI models dynamic
interactions across different scales. AMS discerns dominated temporal patterns and adaptively makes predictions.

residual network, and Ût+P
t represents a patch of aggre-

gated information from MDM. We adopt an MLP shared
by time steps to aggregate time-mixing information through
the time dimension for each channel to obtain temporal de-
pendencies Zt+Pt . Next, we perform the transpose operation
to fuse channel-mixing information along the time domain
through another MLP shared by channels. Finally, we per-
form the unpatch operation and split the output information
into individual channels to obtain v ∈ R1×L. The residual
operation ensures that the model retains its ability to capture
temporal dependencies while effectively exploiting cross-
channel dependencies. The interaction of the patch Ût+P

t
can be represented by the following formula:

Zt+Pt = Ût+P
t + MLP(V̂t

t−P ) (5)

V̂t+P
t = Zt+Pt + β ·MLP((Zt+Pt )T )T (6)

where AT is the transpose of matrix A.
In DDI, dual dependencies are captured under the mixed-

scale information U. Temporal dependencies model the in-
teractions across different periods, while cross-channel de-
pendencies model the relationships between different vari-
ables. However, through experiments, we find that cross-
channel dependencies are not always effective, especially
when the target time series is not correlated with other co-
variates; instead, they often introduce unwanted interfer-
ence. Therefore, we introduce the scaling rate β to suppress
the noise and balance the emphasis on temporal dependen-
cies and cross-channel dependencies.

Adaptive Multi-predictor Synthesis Block
It is noted that the dominant temporal patterns, which signif-
icantly influence future variables, dynamically change over
different periods and have stronger predictive power. In con-
trast to the average aggregation in TimeMixer (Wang et al.
2024), which overlooks these dominant changes, we exploit
the adaptive properties of MoE to design specific predictors
for each temporal pattern. By dynamically assigning more
attention to the dominant scales, we improve both accuracy
and generalisability.

The AMS is partitioned into two components: the tem-
poral pattern selector (TP-Selector) and the temporal pat-
tern projection (TP-Projection). The TP-Selector decom-
poses different temporal patterns and generates the selec-
tor weights S. Unlike the downsampling in MDM, which
decomposes individual scales to enhance temporal informa-
tion, the TP-Selector adaptively untangles highly correlated,
intertwined mixed scales through feedforward process-
ing. Meanwhile, the TP-Projection synthesizes the multi-
predictions and adaptively aggregates the outputs based on
the specific weights.

TP-Selector takes a single channel input u from MDM,
decomposes it through feedforward layers, and then applies
a noisy gating design (Shazeer et al. 2017):

S = Softmax(TopK(Softmax(Q(u)), k)) (7)
Q(u) = Decomp.(u) + ψ · Softplus(Decomp.(u) ·Wnoise)

(8)
where k is the number of dominant temporal patterns, ψ ∈
N(0, 1) is standard Gaussian noise, and Wnoise ∈ Rm×m is
a learnable weight controlling the noisy values.

TP-Projection takes the embedding v from the output V
of DDI as input. Each predictor consists of multiple feed-
forward layers. These outputs are then multiplied by the S
and summed to yield the prediction result ŷ for one channel.
The final results Ŷ are composed of the outputs ŷ from each
channel:

ŷ =
m∑
j=0

Sj · Predictorj(v) (9)

Compared to sparse MoE (Li et al. 2023a), we adopt
dense MoE in TP-Projection with two considerations.
Firstly, each temporal pattern contributes to the prediction
result. Secondly, this approach can help mitigate issues
such as load unbalancing and embedding omissions that are
prevalent in sparse MoE architectures. Our TopK method
can be formalized with:

TopK(u, k) =

{
α · log(u + 1), if u < vk
α · exp(u)− 1, if u ≥ vk

(10)
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Models AMD (Ours) TimeMixer PatchTST iTransformer Crossformer FEDformer TimesNet MICN DLinear MTS-Mixers

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 0.145 0.197 0.147 0.197 0.149 0.198 0.174 0.214 0.153 0.217 0.238 0.314 0.172 0.220 0.161 0.226 0.152 0.237 0.156 0.206
192 0.187 0.238 0.189 0.239 0.194 0.241 0.221 0.254 0.197 0.269 0.275 0.329 0.219 0.261 0.220 0.283 0.220 0.282 0.199 0.248
336 0.240 0.280 0.241 0.280 0.245 0.282 0.278 0.296 0.252 0.311 0.339 0.377 0.280 0.306 0.275 0.328 0.265 0.319 0.249 0.291
720 0.315 0.330 0.310 0.330 0.314 0.334 0.358 0.349 0.318 0.363 0.389 0.409 0.365 0.359 0.311 0.356 0.323 0.362 0.336 0.343

E
T

T
h1 96 0.369 0.397 0.361 0.390 0.370 0.399 0.386 0.405 0.386 0.429 0.376 0.415 0.384 0.402 0.396 0.427 0.375 0.399 0.372 0.395

192 0.401 0.416 0.409 0.414 0.413 0.421 0.441 0.436 0.416 0.444 0.423 0.446 0.457 0.436 0.430 0.453 0.405 0.416 0.416 0.426
336 0.418 0.427 0.430 0.429 0.422 0.436 0.487 0.458 0.440 0.461 0.444 0.462 0.491 0.469 0.433 0.458 0.439 0.443 0.455 0.449
720 0.439 0.454 0.445 0.460 0.447 0.466 0.503 0.491 0.519 0.524 0.469 0.492 0.521 0.500 0.474 0.508 0.472 0.490 0.475 0.472

E
T

T
h2 96 0.274 0.337 0.271 0.330 0.274 0.337 0.297 0.349 0.628 0.563 0.332 0.374 0.340 0.374 0.289 0.357 0.289 0.353 0.307 0.354

192 0.351 0.383 0.317 0.402 0.339 0.379 0.380 0.400 0.703 0.624 0.407 0.446 0.402 0.414 0.409 0.438 0.383 0.418 0.374 0.399
336 0.375 0.411 0.332 0.396 0.329 0.380 0.428 0.432 0.827 0.675 0.400 0.447 0.452 0.452 0.417 0.452 0.448 0.465 0.398 0.432
720 0.402 0.438 0.342 0.408 0.379 0.422 0.427 0.445 1.181 0.840 0.412 0.469 0.462 0.468 0.426 0.473 0.605 0.551 0.463 0.465

E
T

T
m

1 96 0.284 0.339 0.291 0.340 0.290 0.342 0.334 0.368 0.316 0.373 0.326 0.390 0.338 0.375 0.314 0.360 0.299 0.343 0.314 0.358
192 0.322 0.362 0.327 0.365 0.332 0.369 0.377 0.391 0.377 0.411 0.365 0.415 0.371 0.387 0.359 0.387 0.335 0.365 0.354 0.386
336 0.360 0.380 0.360 0.381 0.366 0.392 0.426 0.420 0.431 0.442 0.391 0.425 0.410 0.411 0.398 0.413 0.369 0.386 0.384 0.405
720 0.421 0.416 0.415 0.417 0.416 0.420 0.491 0.459 0.600 0.547 0.446 0.458 0.478 0.450 0.459 0.464 0.425 0.421 0.427 0.432

E
T

T
m

2 96 0.167 0.258 0.164 0.254 0.166 0.256 0.180 0.264 0.421 0.461 0.180 0.271 0.187 0.267 0.178 0.273 0.167 0.260 0.177 0.259
192 0.221 0.294 0.223 0.295 0.223 0.296 0.250 0.309 0.503 0.519 0.252 0.318 0.249 0.309 0.245 0.316 0.224 0.303 0.241 0.303
336 0.270 0.327 0.279 0.330 0.274 0.329 0.311 0.348 0.611 0.580 0.324 0.364 0.321 0.351 0.295 0.350 0.281 0.342 0.297 0.338
720 0.356 0.382 0.359 0.383 0.362 0.385 0.412 0.407 0.996 0.750 0.410 0.420 0.497 0.403 0.389 0.409 0.397 0.421 0.396 0.398

E
C

L 96 0.129 0.224 0.129 0.224 0.129 0.222 0.148 0.240 0.187 0.283 0.186 0.302 0.168 0.272 0.159 0.267 0.153 0.237 0.141 0.243
192 0.147 0.238 0.140 0.220 0.147 0.240 0.162 0.253 0.258 0.330 0.197 0.311 0.184 0.289 0.168 0.279 0.152 0.249 0.163 0.261
336 0.160 0.253 0.161 0.255 0.163 0.259 0.178 0.269 0.323 0.369 0.213 0.328 0.198 0.300 0.196 0.308 0.169 0.267 0.176 0.277
720 0.193 0.286 0.194 0.287 0.197 0.290 0.225 0.317 0.404 0.423 0.233 0.344 0.220 0.320 0.203 0.312 0.233 0.344 0.212 0.308

E
xc

ha
ng

e 96 0.083 0.201 0.086 0.204 0.093 0.214 0.086 0.206 0.186 0.346 0.136 0.276 0.107 0.234 0.102 0.235 0.081 0.203 0.083 0.201
192 0.171 0.293 0.176 0.298 0.192 0.312 0.177 0.299 0.467 0.522 0.256 0.369 0.226 0.344 0.172 0.316 0.157 0.293 0.174 0.296
336 0.309 0.402 0.345 0.426 0.350 0.432 0.331 0.417 0.783 0.721 0.426 0.464 0.367 0.448 0.272 0.407 0.305 0.414 0.336 0.417
720 0.750 0.652 0.848 0.692 0.911 0.716 0.847 0.691 1.367 0.943 1.090 0.800 0.964 0.746 0.714 0.658 0.643 0.601 0.900 0.715

Tr
af

fic 96 0.366 0.259 0.360 0.249 0.360 0.249 0.395 0.268 0.512 0.290 0.576 0.359 0.593 0.321 0.508 0.301 0.410 0.282 0.462 0.332
192 0.381 0.265 0.379 0.256 0.375 0.350 0.417 0.276 0.523 0.297 0.610 0.380 0.617 0.336 0.536 0.315 0.423 0.287 0.488 0.354
336 0.397 0.269 0.385 0.270 0.392 0.264 0.433 0.283 0.530 0.300 0.608 0.375 0.629 0.336 0.525 0.310 0.436 0.296 0.498 0.360
720 0.429 0.292 0.430 0.281 0.432 0.286 0.467 0.302 0.573 0.313 0.621 0.375 0.640 0.350 0.571 0.323 0.466 0.315 0.529 0.370

So
la

r 96 0.175 0.228 0.167 0.220 0.224 0.278 0.203 0.237 0.181 0.240 0.201 0.304 0.219 0.314 0.188 0.252 0.289 0.337 0.284 0.325
192 0.186 0.235 0.187 0.249 0.253 0.298 0.233 0.261 0.196 0.252 0.237 0.337 0.231 0.322 0.215 0.280 0.319 0.397 0.307 0.362
336 0.200 0.246 0.200 0.258 0.273 0.306 0.248 0.273 0.216 0.243 0.254 0.362 0.246 0.337 0.222 0.267 0.352 0.415 0.333 0.384
720 0.203 0.249 0.215 0.250 0.272 0.308 0.249 0.275 0.220 0.256 0.280 0.397 0.280 0.363 0.226 0.264 0.356 0.412 0.335 0.383

Table 1: Long-term forecasting task. All the results are averaged from 4 different prediction lengths T ∈
{96, 192, 336, 720}. To the best for a fairer comparison for all baselines, the input sequence length L is searched among
{96, 192, 336, 512, 672, 720}.

where vk is the k-th largest value among u and α is a con-
stant used to adjust the selector weights. The scaling oper-
ation within our TopK requires the input values to be re-
stricted to the interval [0,1]. Consequently, we perform an
additional Softmax operation according to Eq. (7).

Loss Function
The loss function of AMS consists of two components.
(1) For the predictors, the Mean Squared Error (MSE) loss
(Lpred =

∑T
i=0 ‖yi − ŷi‖22) is used to measure the variance

between predicted values and ground truth. (2) For the gat-
ing network loss, we apply the coefficient of variation loss
function (Lselector =

V ar(S)
Mean(S)2+ε , where ε is a small positive

constant to prevent numerical instability), which optimizes
the gating mechanism by promoting a balanced assignment
of experts to inputs, thereby enhancing the overall perfor-
mance of the MoE. The total loss function is defined as:

L = Lpred + λ1Lselector + λ2‖Θ‖2 (11)
where ‖Θ‖2 is the L2-norm, λ1,2 are hyper-parameters.

Experiments
Main Results
Datasets. We conduct experiments on seven real-world
datasets, including Weather, ETT (ETTh1, ETTh2, ETTm1,

ETTm2), ECL, Exchange, Traffic and Solar Energy for long-
term forecasting and PEMS (PEMS03, PEMS04, PEMS07,
PEMS08) for short-term forecasting.

Baselines. We carefully select some representative mod-
els to serve as baselines in the field of time series forecast-
ing, including (1) MLP-based models: TimeMixer (Wang
et al. 2024), TiDE (Das et al. 2023), MTS-Mixers (Li et al.
2023b), RLinear (Li et al. 2024), and DLinear (Zeng et al.
2023); (2) Transformer-based models: PatchTST (Nie et al.
2023), iTransformer (Liu et al. 2024a), Crossformer (Zhang
and Yan 2023), and FEDformer (Zhou et al. 2022b);
(3) CNN-based models: TimesNet (Wu et al. 2023), and
MICN (Wang et al. 2023).

Experimental Settings. To ensure fair comparisons, for
long-term forecasting, we rerun all baselines with different
input lengths L and choose the best results to avoid underes-
timating the baselines. For short-term forecasting, the input
length is 96. We select two common metrics in time series
forecasting: Mean Absolute Error (MAE) and Mean Squared
Error (MSE). All experiments are conducted using PyTorch
on an NVIDIA V100 32GB GPU and are repeated five times
for consistency.

Results. Comprehensive forecasting results are shown in
Tab. 1 and Tab. 2, which present long-term and short-term
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Models AMD PatchTST Crossformer FEDformer TimesNet TiDE DLinear MTS-Mixers RLinear
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

PEMS03 0.084 0.198 0.099 0.216 0.090 0.203 0.126 0.251 0.085 0.192 0.178 0.305 0.122 0.243 0.117 0.232 0.126 0.236

PEMS04 0.083 0.198 0.105 0.224 0.098 0.218 0.138 0.262 0.087 0.195 0.219 0.340 0.148 0.272 0.129 0.267 0.138 0.252

PEMS07 0.074 0.180 0.095 0.150 0.094 0.200 0.109 0.225 0.082 0.181 0.173 0.304 0.115 0.242 0.134 0.278 0.118 0.235

PEMS08 0.093 0.206 0.168 0.232 0.165 0.214 0.173 0.273 0.112 0.212 0.227 0.343 0.154 0.276 0.186 0.286 0.133 0.247

Table 2: Short-term forecasting task. The input sequence length L is 96 and the prediction length T is 12.

Models AMD (Ours) AMD (Sparse) RandomOrder AverageWeight w/o DDI β = 0.5 β = 1.0 w/o Lselector w/o MDM w/o AMS
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 0.145 0.198 0.150 0.205 0.152 0.209 0.149 0.205 0.154 0.208 0.146 0.198 0.147 0.200 0.160 0.211 0.149 0.204 0.150 0.206

192 0.187 0.238 0.193 0.245 0.194 0.245 0.194 0.246 0.197 0.248 0.194 0.245 0.195 0.246 0.209 0.258 0.192 0.243 0.199 0.248
336 0.240 0.280 0.244 0.284 0.245 0.286 0.249 0.288 0.249 0.289 0.249 0.287 0.248 0.286 0.278 0.309 0.246 0.285 0.248 0.287
720 0.315 0.330 0.315 0.334 0.321 0.338 0.325 0.340 0.323 0.340 0.318 0.335 0.320 0.336 0.364 0.366 0.319 0.336 0.320 0.339

E
C

L 96 0.129 0.224 0.132 0.228 0.133 0.230 0.135 0.234 0.132 0.231 0.140 0.242 0.147 0.248 0.139 0.238 0.135 0.231 0.137 0.234
192 0.147 0.238 0.151 0.244 0.155 0.248 0.155 0.251 0.151 0.247 0.169 0.268 0.175 0.273 0.156 0.456 0.153 0.247 0.157 0.251
336 0.160 0.253 0.165 0.259 0.171 0.264 0.169 0.263 0.167 0.266 0.174 0.274 0.183 0.285 0.177 0.271 0.169 0.265 0.171 0.267
720 0.193 0.286 0.199 0.293 0.202 0.294 0.202 0.295 0.200 0.294 0.207 0.298 0.215 0.308 0.208 0.299 0.201 0.296 0.203 0.298

Table 3: Component ablation of AMD on Weather and ECL.

forecasting results respectively. The best results are high-
lighted in red and the second-best are underlined. The lower
the MSE/MAE, the more accurate the forecast. AMD stands
out with the best performance in 50 cases and the second
best in 27 cases out of the overall 80 cases. Compared
with other baselines, AMD performs well on both high-
dimensional and low-dimensional datasets. It is worth noting
that PatchTST does not perform well on the PEMS datasets
for the patching design leads to the neglect of highly fluc-
tuating temporal patterns. In contrast, AMD leverages in-
formation from multi-scale temporal patterns. Furthermore,
the performance of Crossformer is unsatisfactory for it intro-
duces unnecessary noise by exploring cross-variable depen-
dencies. AMD skillfully reveals the intricate dependencies
existing among time steps across various variables. Addi-
tionally, DLinear and MTS-mixers perform poorly on high-
dimensional datasets, whereas AMD can handle them.

Model Analysis
Ablation Study. To verify the effectiveness of each com-
ponent of AMD, we perform detailed ablation of each possi-
ble design on Weather and ECL datasets. As shown in Tab. 3,
we have the following observations.

For MDM, we conduct experiments by removing MDM
(w/o MDM). The increased error suggests that relying on a
single scale is insufficient for accurate prediction.

For DDI, recent studies (Nie et al. 2023; Zhang and
Yan 2023) show that both channel independence and cross-
channel dependencies strategies can achieve SOTA accu-
racy in specific tasks. Typically, datasets with strong cross-
channel correlations perform better using cross-channel de-
pendencies strategies. However, for datasets with weak
inter-channel correlations, cross-channel dependencies of-
ten introduce unwanted noise. To prove this, we introduce
cross-channel dependencies by adjusting the scaling rate.
Specifically, we set the parameter β in Eq. (7) to 0.5 and
1.0, respectively. In addition, we conduct experiments by re-
moving DDI (w/o DDI). From the results, it can be seen
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Figure 3: AMD guides the prediction by assigning greater
weight to the dominant time pattern.

that the introduction of cross-channel dependencies do not
always enhance the prediction accuracy, and this was consis-
tent across other datasets as well. Scaling rate β can balance
the emphasis on temporal dependencies and cross-channel
dependencies in multivariate time series data and boost the
model performance.

For AMS, we demonstrate the performance improvement
is not solely due to the enlarged model size, but rather
the integration of temporal pattern information, we devised
the following experiments: To demonstrate the utilization
of sequential information, we replaced the temporal pat-
tern embedding with random orders as RandomOrder. To
demonstrate the effectiveness of AMS aggregation, we re-
placed the TP-Selector with the average weighting as Aver-
ageWeight, treating different temporal patterns equally. We
also remove AMS (w/o AMS) and replace it with a single
linear predictor. RandomOrder, AverageWeight and w/o
AMS all cause a performance decline. This illustrates that,
compared to self-attention whose permutation-invariant na-
ture results in the loss of sequential information, AMS in-
herently maintains the sequential order and makes better use
of temporal relationships by identifying dominant patterns
that change over time. Compared to simple averaging like
timemixer (Wang et al. 2024), AMS adaptively assigns cor-
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tions from the original distribution.
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Figure 5: Memory usage (MB), training time (ms/iter), and
MSE comparisons on the Weather dataset. The input and
predicted lengths are set to 512 and 96, respectively.

responding weights to different temporal patterns, resulting
in more accurate predictions.

Model Interpretablilty. To provide an intuitive under-
standing of AMS, we plotted selector weights in Fig. 3.
Compared to a single linear predictor, AMS offers stronger
generalization capabilities and improved interpretability.
Before and after the time step T, the temporal variations are
respectively dominated by TP16 and TP5. Before T, the pre-
dicted data resembles the trend of TP16, both exhibiting a
downward fluctuation. However, after T, the predicted data
resembles TP5, which suddenly shows a significant increase.
AMD recognizes this changing dominant role over time and
adaptively assigns them higher weights.

To offer a clear conceptualization of the balance of em-
phasis on temporal dependencies and cross-channel depen-
dencies mentioned above, we visualize the learned depen-
dencies as shown in Fig. 4. Compared to the temporal de-
pendencies, especially when the target variable is not corre-
lated with other covariates, cross-channel dependencies tend
to smooth out the variability in the target variable, causing its
distribution to deviate from what would be expected based
solely on its own past values.

Dense MoE Strategy and Sparse MoE Strategy. In the-
ory, the information contained in each temporal pattern is
useful and discarding any one of them would result in loss
of information. Therefore, we adopt the dense MoE strategy,
where dominant temporal patterns are given larger weights,
while others are given smaller weights instead of being set
to 0. We conduct ablation experiments as shown in Tab. 3.
Compared to Dense MoE, Sparse MoE shows increased

Models DLinear + MDM & AMS MTS-Mixers + MDM & AMS

Metric MSE MAE MSE MAE MSE MAE MSE MAE

W
ea

th
er 96 0.152 0.237 0.146 0.212 0.156 0.206 0.155 0.203

192 0.220 0.282 0.194 0.261 0.199 0.248 0.202 0.251
336 0.265 0.319 0.245 0.305 0.249 0.291 0.244 0.286
720 0.323 0.362 0.313 0.356 0.336 0.343 0.326 0.337

Imp. - - 6.46% 5.50% - - 1.38% 1.01%

E
C

L 96 0.153 0.237 0.150 0.244 0.141 0.243 0.137 0.239
192 0.152 0.249 0.159 0.256 0.163 0.261 0.160 0.258
336 0.169 0.267 0.167 0.265 0.176 0.277 0.170 0.271
720 0.233 0.344 0.221 0.313 0.212 0.308 0.203 0.303

Imp. - - 1.41% 1.73% - - 3.18% 1.65%

Table 4: Comparative impact of MDM & AMS on different
baselines. Imp. represents the average percentage improve-
ment of MDM & AMS compared to the original methods.

prediction errors. This observation highlights the conse-
quence of omitting non-dominant temporal pattern informa-
tion, which invariably leads to a degradation in performance.

Efficiency Analysis. We thoroughly compare the training
time and memory usage of various baselines on the Weather
dataset, using the official model configurations and the same
batch size. The results, shown in Fig. 5, indicate that the effi-
ciency of AMD outperforms other Transformer-based mod-
els and MLP-based models with a relatively small number
of parameters. Furthermore, as the number of predictors in-
creases, the prediction error (MSE) gradually decreases, but
the training time and memory usage increase significantly.
To strike a balance, we set the number of predictors to 8
across all experiments.

Analysis on the balance of the TP-Selector. We conduct
experiments on the scaling rate of the load balancing loss,
denoted by λ1 in Eq. (11). As shown in Tab. 3, utilizing
Lselector results in significantly improved performance, ex-
ceeding 11.2% in terms of MSE compared to when λ1 =
0.0. This underscores the crucial role of implementing load-
balancing losses. Furthermore, the selector weights in the
Fig. 3 do not tend to favor specific temporal patterns, ad-
dressing the load imbalance issue in sparse MoE structures.

Analysis on AMD as a plugin. Finally, we explore
whether our proposed MoE-based method can yield an im-
provement in the performance of other TSF methods. We
selected DLinear (Zeng et al. 2023) and MTS-Mixers (Li
et al. 2023b) as the baselines. After integrating the MDM
and AMS modules, the predictive capabilities of all these
models are enhanced as shown in Tab. 4, while maintaining
the same computational resource requirements.

Conclusion
In this paper, we propose the Adaptive Multi-Scale Decom-
position (AMD) framework for time series forecasting to ad-
dress the inherent complexity of time series data by decom-
posing it into multiple temporal patterns at various scales
and adaptively aggregating these patterns. Comprehensive
experiments demonstrate that AMD consistently achieves
state-of-the-art performance in both long-term and short-
term forecasting tasks across various datasets, showcasing
superior efficiency and effectiveness.
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