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Abstract

Long-term time series forecasting (LTSF)
aims to predict future values of a time se-
ries given the past values. The current state-
of-the-art (SOTA) on this problem is at-
tained in some cases by linear-centric mod-
els, which primarily feature a linear map-
ping layer. However, due to their inher-
ent simplicity, they are not able to adapt
their prediction rules to periodic changes
in time series patterns. To address this
challenge, we propose a Mixture-of-Experts-
style augmentation for linear-centric mod-
els and propose Mixture-of-Linear-Experts
(MoLE). Instead of training a single model,
MoLE trains multiple linear-centric models
(i.e., experts) and a router model that weighs
and mixes their outputs. While the entire
framework is trained end-to-end, each ex-
pert learns to specialize in a specific tem-
poral pattern, and the router model learns
to compose the experts adaptively. Exper-
iments show that MoLE reduces forecast-
ing error of linear-centric models, including
DLinear, RLinear, and RMLP, in over 78%
of the datasets and settings we evaluated.
By using MoLE existing linear-centric mod-
els can achieve SOTA LTSF results in 68% of
the experiments that PatchTST reports and
we compare to, whereas existing single-head
linear-centric models achieve SOTA results in
only 25% of cases. Additionally, MoLE mod-
els achieve SOTA in all settings for the newly
released Weather2K datasets.

1 Introduction

Long-term time series forecasting (LTSF) is an im-
portant problem in the machine learning community,

given its application in areas like weather modeling
( , ; , ), traffic flow pre-
diction ( , ), and financial forecasting

( » 2014).

Various classical methods ( , ; , :
, ) and deep-learning methods (

) ; ) ) ) ;

, ; , ) have been used

for this task, including transformers ( , ;

). However, recent studies show that in some set-

tings, linear-centric models surpass prior baselines—

including transformers—sometimes by a significant

margin ( , ; , ). Linear-

centric models feature a single linear layer, possi-

bly combined with non-linear pre- and postprocess-

ing steps. Examples include DLinear, NLinear (

, ), RLinear, and RMLP ( , ).

However, real-world time series are usually mnon-
stationary. For example, traffic patterns change on
different days of the week. Due to the inherent sim-
plicity of linear-centric models, it is difficult for them
to capture these patterns.

In this paper, we propose Mixture-of-Linear-Experts
(MoLE) to address the above limitation. We propose
to train multiple linear-centric models (i.e., experts)
to collaboratively predict the time series. A router
model, which accepts a timestamp embedding of the
input sequence as input, learns to weigh these experts
adaptively. This layer is supposed to learn the period-
icity of the time series and adjust the weights for each
expert accordingly, ensuring that different experts spe-
cialize in different periods of the time series. Note that
MOoLE can be applied to any linear-centric model as-is.

More broadly, Mixture-of-Experts (MoE) has a long

history ( , ; , )

and was recently revived due to its successful applica-

tion in SOTA language ( , ; ,
; , ) and image models (
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, : , ). Its main mo-
tivation in these domains has been efficiency: it in-
creases model capacity without much inference over-
head by training multiple experts simultaneously and
only activating a subset of experts for a given in-
put (a.k.a. Sparse Mixture-of-Experts ( ,

)). In contrast, we show that MoE over linear-
centric models gives significant gains in forecasting
fidelity; MoLE keeps the simplicity of linear-centric
models while using MoE to model diverse temporal
patterns.

Our primary contributions include:

o We propose MoLE, a mixture-of-experts approach
that can augment any linear-centric LTSF model
to capture non-stationary temporal patterns.

e We demonstrate through comprehensive empiri-
cal evaluations that MoLE consistently improves
upon existing linear-centric methods, including
those that are currently SOTA for the LTSF
problem. Concretely, we observe when MoLE
was applied to DLinear, it enhanced its per-
formance in 32/44 experimental settings (73%
of experiments). Similarly, with the RLinear
and RMLP models, integrating MoLE resulted
in improvements in 38/44 scenarios (86%) and
33/44 scenarios (75%) respectively. We find
that among the 28 datasets and settings that
PatchTST reports and we compare to, MoLE al-
lows linear-centric models to achieve SOTA re-
sults in 19 cases (68%), whereas without MoLE
(single-head), they are SOTA in 7 settings (25%).
For the Weather2K datasets, MoLE-linear-centric
models achieve SOTA in all settings.

e We conduct careful ablation studies to explain the
reasons for the success of MoLE; these show that
the observed performance boost is due to the spe-
cialized time-aware experts rather than just an ex-
panded model size. Moreover, the gains of MoLE
are more pronounced when input sequence lengths
are short compared to the prediction sequence
length.

In all, MoLE offers an efficient and simple enhance-
ment for linear-centric LTSF models, which can be
used out-of-the-box for improved forecasting.

2 Related Work

We highlight three categories of LSTF models: those
based on transformers, linear-centric models, and
models based on other architectures.

Transformer-based models Transformers have
shown great potential and excellent performance
in long-term time series forecasting ( ,
, ). The first well-known transformer for
LTSF, Informer ( , ), addresses issues
like quadratic time complexity with ProbSparse self-
attention and a generative style decoder. Following In-
former, models such as Autoformer ( , ),
Pyraformer ( , ), Preformer ( ,
), and FEDFormer ( , ) were intro-
duced. Autoformer ( , ) uses decomposi-
tion and auto-correlation for performance, Pyraformer
( , ) focuses on multiresolution attention
for signal processing efficiency, Preformer ( ,
) introduces segment-wise correlation for efficient
attention calculation, and FEDFormer ( ,
) combines frequency analysis with Transform-
ers for enhanced time series representation. The state-
of-the-art model, PatchTST ( , ), shifts
focus to the importance of patches, enhancing the
model’s capability to capture local and global depen-
dencies in data. We compare against PatchTST (
, ) as a SOTA transformer-based baseline.

Linear-centric models Despite the success of
transformer-based models in LTSF, ( )
raised doubts about their efficacy. They proposed
three linear or linear-centric models: vanilla linear,
DLinear, and NLinear, which outperform existing
transformer-based models by a large margin. Among
the three models, DLinear is most commonly com-
pared to in subsequent work ( , ; ,

). We include DLinear as a baseline model that
can be integrated with MoLE.

Following the work of ( ), several other
linear-centric models have been proposed ( ,

; , ). We compare against RLinear
and RMLP ( , ) as the only linear-centric
models that outperform PatchTST ( , )
on some datasets and settings.

Other architectures Other common LTSF models
are based on multi-layer perceptrons (MLP) (

) i ) ) ) I

, 2023)

and convolutional neural networks (CNN) (

, , ; , ). Since these
models are not directly evaluated in papers focusing on
linear-centric and transformer-based models, we have
not included them in our evaluation. The main point
of this work is not to compare linear-centric models
to transformers, but to propose a technique that im-
proves linear centric-models.

) b )
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( ) recently introduced the LLMTIME
model, which uses large language models as a zero-shot
time series predictor. We were unable to compare to
this model due to the high volume and prohibitive cost
of API calls to proprietary LLMs. Their quantitative
results also did not include exact numbers, but were
listed as bar charts, so we could not compare against
reported results either.

3 Preliminaries

3.1 Problem Definition

Time Series Forecasting Given an input sequence
X € R** where ¢ represents the number of chan-
nels (features) and s denotes the number of historical
(input) timestamps, our objective is to find a map-
ping f(X) = Y such that Y € R*P and p repre-
sents the number of future (output) timestamps to
predict. Additionally, we are provided with the dates
and times corresponding to each timestamp of X and
Y, represented as ek € R° and ymerr € RP
respectively. We assume timestamps are regularly-

spaced, meaning for all i, j € [0, s+p), the relationship

i1 . i .
wyr(rlmrll - wyﬁrlz)ark = xyr(iark) - wyii()zrk hOIdS’ where

TYmark Tepresents the stacking of @,erk and Ymark-
Our goal is to determine the mapping f that minimizes
a specific loss function loss(Y,Y), where ¥ € R<*?
denotes the ground truth.

Long-term Time Series Forecasting Long-term
Time Series Forecasting (LTSF) involves predicting far
into the future. Although there is no standard cri-
terion to differentiate between long- and short-term
forecasting, LTSF experiments often set the minimum
prediction length (i.e., p) to 96.

3.2 Linear-Centric LTSF Models

( ) introduced a set of linear-centric
models, LTSF Linears, which are recognized as the
first linear-centric models to challenge the promising
performance of transformers in time series forecasting.
Among these, DLinear performs the best and is now
commonly used as a baseline. Building on this work,

( ) looked further into the state-of-the-art
transformer for LTSF, PatchTST ( , ),
and concluded that the linear mapping, reversible nor-
malization (RevIN) ( , ), and channel
independence (CI) are important mechanisms in the
model. By applying only these components to sim-
ple linear models, RLinear and RMLP outperformed
PatchTST across many datasets, and are currently
SOTA. We next explain these architectures, which are
illustrated in Figure 1.

DLinear DLinear ( , ) fuses the de-
composition layer from Autoformer ( , )
with a simple linear layer as follows: A moving av-
erage kernel initially decomposes the input data into
two parts, termed trend and seasonal (the remainder
after applying the moving average). Each of these
segments then goes through a 1-layer linear layer.
The outputs are summed up to produce the final
predictions. Precisely, this can be written as Y =
Wtrendxtrend + Wseasonalxseasonal7 where Xtrend S
R*% and Xgeasonal € R*® denote the decomposed
inputs. Wyeng € R¥*P and Wiegsonar € R¥*P rep-
resent two linear layers along the temporal axis, and
Y € R¢*P is the prediction.

RLinear RLinear ( ) ) combines RevIN
( , ) with a single-layer linear layer.
RevIN is a simple yet effective normalization tech-
nique that consists of a normalization and denormal-
ization process, combined with a learnable affine trans-
formation. This method is designed to adapt to dis-
tribution shifts for more accurate time-series forecast-
ing. Notably, unlike DLinear, the RevIN used in
RLinear has trainable parameters, which guide the
affine transformation of the input. After the lin-
ear layer, the output is then transformed back using
the same set of parameters and the statistics calcu-
lated from the input data. This process can be de-
scribed as Y = RevINgenorm (W RevIN,orm (X)) where
RevINgenorm = RevINpomm 1, and W € RS*P is the
linear layer.

RMLP RMLP ( , ) incorporates an ad-
ditional 2-layer MLP to the base RLinear model. The
2-layer MLP operates within a residual block be-
fore the original linear layer. The updated model
can be expressed as Y = RevINgenorm (W (Xnorm +
MLP (X, 0rm))) where X,0rm = RevINpom(X) and
MLP is the newly added 2-layer MLP. This model
was introduced to achieve better performance on some
larger-scale datasets where RLinear does not perform
adequately.

4 Our Method:
Mixture-of-Linear-Experts (MoLE)

We next introduce our proposed method: Mixture-of-
Linear-Experts (MoLE). We use the shorthand MoLE-
X (e.g., MoLE-DLinear) to refer to a linear-centric
model X that has been augmented with MoLE.

4.1 Model Architecture

Our method, MoLE, acts as a plugin for existing and
potential future linear-centric LTSF models. A typi-
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Figure 1: A common structure of linear-centric LTSF
models.

cal linear LTSF model can be represented as shown
in Figure 1. Figure 2 illustrates how our mixture-
of-experts method integrates with an arbitrary linear-
centric LTSF model. Initially, we group everything up
to and including the linear layers into one head. Input
time series data is passed to all heads, and the outputs
from all heads are passed to the mixing layer (which
acts as the router in mixture-of-experts). The mixing
layer comprises a two-layered MLP, which accepts the
embedding of the starting timestamp as input and pro-
duces one weight for the outputs of each head. These
weights are channel-specific, meaning each channel will
have distinct weight sets that sum to 1.

More precisely, this method can be described as fol-
lows: Let H; represent the i-th head, where H;
Ré*% — R*P_ ¢ is the number of channels, s is the
input sequence length, and p is the prediction length.
Let M be the MLP layer in the mixing layer, where
M : Rt — R*" ¢ being the length of the embed-
ding of the first timestamp, and n is the number
of heads. Let P be the postprocessing layer, where
P RXP — R*P.If X € R*# is the input time series
data and X,,ex € R? is the embedding of the first
element of the input time series, the output (Z) of the
entire system can be expressed as:

/
N

<
Y
KX\\LA

postprocessing

(optional)

T

Figure 2: Structure of MoLE.

Yi = Hi(X), W = M(Xmark)

= P(zn: W.;®@Yy)

i=1

Here, ® is defined such that for a vector a € R¢ and
a matrix B € R°*P_ the operation a ® B yields a new
matrix C € R*? where C;; = a; - B;; for all ¢ and j.

Compared with the conventional Mixture of Experts
(MoE) architecture where experts’ outputs are com-
bined using a single weight, our proposed methodology
(MoLE) introduces channel-wise awareness by having
the mixing layer output a unique set of weights for
each channel. In addition, instead of using the entire
input data to determine gating, MoLE only uses the
embedding of the first timestamp for gating. This re-
duces the overall number of parameters and exploits
the structure of long-term time series, which typically
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exhibit (possibly non-stationary) time-dependence.

In our experiments, we use a simple linear normaliza-
tion methods to embed datetime values, where various
temporal components of a datetime value are encoded
into uniformly spaced values between [—0.5,0.5]. We
include the details of such embedding and the tempo-
ral components we chose for each dataset in Appendix
A (Supplementary Material).

4.2 Toy Dataset

To show the intuitive effect of this approach, we first
apply it to a toy dataset. We constructed the dataset
such that from Monday to Thursday, the values adhere
to a sinusoid function with frequency f. However, from
Friday to Sunday, the values follow a sinusoid function
with a doubled frequency of 2f. Both have Gaussian
noise added at each time step. This dataset exhibits
weekly periodicity. The exact distribution is provided
in B.1 in Supplementary Materials, and the first two
weeks of the datasets are visualized in Figure 3.

Synthetic Data

T T T T T T T
50 100 150 200 250 300 350
Time (hour)

Figure 3: Visualization of the first 2 weeks (336 hours)
of the toy dataset.

Experimental Setup For this experiment, we use
RLinear as the backbone. The setup includes an input
sequence length of 24 (1 day), prediction length of 24
(1 day), batch size of 128, and an initial learning rate
of 0.005. We restrict ourselves to only 2 heads for the
MoLE-RLinear model in this experiment.

Results Figure 4 demonstrates that the single-head
RLinear model struggles to adapt to the pattern shift
between Thursday and Friday. Even though the input
sequence carries information (within timestamps 20-
23) indicating the transition to Friday, the single-head
RLinear model, due to its single-layer design, fails to
make accurate predictions. In contrast, the 2-head
MoLE-RLinear model captures this change well.

1.5
—— Ground truth
- 1-head (RLinear)
109 — 2.head (MoLE-RLinear)
Input
§ 0.5 4 Prediction
S
T 0.0
N
©
£
5 0.5
=4
—1.0 A
-1.5 1
0 10 20 30 40

Timestamps

Figure 4: Predictions of single-head RLinear model
and multi(2)-head MoLE-RLinear model. The data
from ¢t = 0 to t = 23 is the input sequence, and the
curves from ¢t = 24 onwards represent the ground truth
and the predicted data from both methods.

5 Experiments

5.1 Experimental Setup

Datasets Following the standard practice of prior
work (Wu et al., 2021; Zhou et al., 2021; Zeng et al.,
2023; Li et al, 2023), we conducted experiments
on seven real-world datasets: the Electricity Trans-
former Temperature (ETT) datasets (ETThl, ETTh2,
ETTml, ETTm?2), as well as weather forecasting
(Weather) (Angryk et al., 2020), electricity forecasting
(Electricity) (I<han et al.; 2020), and traffic flow esti-
mation (Traffic) (Chen et al., 2001). We also include
a very recent time series dataset, Weather2K (Zhu
et al., 2023), which encompasses nearly three years
of weather data from 1865 locations across China, fea-
turing various weather conditions. We randomly se-
lected four of these locations for evaluation: 79, 114,
850, 1786, which correspond to cities in the north-
east, northwest, southwest, and south of China, re-
spectively.

Table 1 provides a brief overview of these datasets. For
the ETT datasets, data is split into training, valida-
tion, and test sets in a temporal order with a ratio of
6:2:2. For all other datasets, the split ratio is 7:1:2.
The split ratios we have employed in our experiments
are consistent with the methodologies used in prior
work.
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Table 1: Overview of Datasets

Size Granu-
Dataset (Timestamps larity

x Channels)
ETTh1,h2 17420 (725.83 days) x 7 1 hour
ETTml,m2 69680 (725.83 days) x 7 15 minutes
Weather 52696 (365.86 days) x 21 10 minutes
Electricity 26304 (1096 days) x 321 1 hour
Traffic 17544 (731 days) x 336 1 hour
Weather2K 40896 (1704 days) x 20 1 hour

Baseline Models We applied MoLE to three re-
cent linear-centric LTSF models: DLinear ( ,

), RLinear ( , ), and RMLP ( ,

). We refer to the original models as original
and the models enhanced by our method as MoLE.
Additionally, we evaluated the state-of-the-art trans-
former model, PatchTST ( , ). We
assessed all models across every dataset, reproduc-
ing prior results of linear-centric models ourselves.
Since PatchTST involved extensive hyperparameter
search, we decided to use the author-reported re-
sults. Since PatchTST was not evaluated in the orig-
inal paper on the newly released Weather2K dataset,
we do not report PatchTST’s results for Weather2K.
In our comparisons, we used the results of super-
vised PatchTST/64 and PatchTST/42. PatchTST/64
means the number of input patches is 64, which uses
the look-back window L = 512. PatchTST/42 means
the number of input patches is 42, which has the de-
fault look-back window L = 336. Our results on linear-
centric models were mostly similar to reported results,
so we use our computed values for our evaluation. In
Appendix C (Supplementary Material), we give a com-
plete table that compares the reported results from
prior work to the values we obtained experimentally,
and provide additional discussion of these variations.
Additionally, we include the outcomes of further hy-
perparameter tuning to assess their impact on model
performance in Appendix C.3.

Evaluation Metric As in existing studies, we adopt
the widely-used evaluation metric, mean squared er-
ror (MSE), which has been utilized in the works of

(2021), (2021),
(2022), (2023), and

metric is defined as:

( ). The

N
— 1 v\ 2
MSE = N;(YZ -Y))

where N represents the total number of samples, Y;
indicates the i-th prediction, and Y} is the correspond-

ing observation (ground truth).

Hyperparameters For all our experiments, includ-
ing ablations, we employed a grid search approach to
determine the optimal hyperparameters for each set-
ting, as detailed in Table 2. For every experiment, we
utilized the set of hyperparameters that produced the
lowest validation loss to report the test loss.

Sequence and prediction length. As in prior work

( ); ( ), we fix the input sequence
length to 336. We vary the prediction length, or the
number of time stamps for which we predict data, in
the set {96,192, 336, 720}. We study the effect of vari-
able input sequence length in Section 5.3.

Table 2: Hyperparameter search values.

Hyperparameter Values

Batch size 8

Initial learning rate 0.005, 0.01, 0.05
Number of heads 2,3,4,5,6
Head dropout rate 0,0.2

Input sequence length 336

Prediction length {96,192,336,720}

Batch size. To narrow down our grid search, we con-
ducted experiments to study how batch size influences
model performance (Section 5.3). Based on our find-
ings, we use a batch size of 8 for all experiments.

Initial learning rate. The choice of initial learning rate
also impacts model performance. For our experiments,
we selected three rates: 0.005, 0.01, and 0.05.

Number of heads. The number of heads in MoLE re-
quires tuning to cater to the distinct characteristics of
datasets. We swept between 2-6 heads.

Head dropout. To combat overfitting, we incorporated
head dropout into MoLE. Throughout training, the
weights originating from the mixing layer are randomly
dropped at a rate of r. The retained weights are ad-
justed to ensure their combined sum is 1. We tested
two rates: 0 (head dropout deactivated) and 0.2. We
also provide a detailed analysis and comprehensive re-
sults on how the choice of dropout rate impacts multi-
head model performance in Appendix D.2.

Implementation Details For the conducted exper-
iments, the mixing layer comprises a 2-layer MLP. The
hidden layer dimension matches that of the output
layer. A ReLU activation lies between the layers.
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Table 3: Comparison between original (single-head) and enhanced (multi-head MoLE) DLinear, RLinear, and
RMLP models. Prediction length € {96,192, 336,720}. The values reported are MSE loss. A lower value indicates
a better prediction. The better results among a linear-centric method and its MoLE variant is highlighted in
bold. The cells shown in blue indicate the current SOTA for a given dataset and prediction length. For all three
linear-centric models, MoLE improves forecasting error in over 78% of the datasets and settings we evaluated.
Blank entries indicate datasets and prediction lengths that were not reported by the authors of PatchTST.

Model DLinear RLinear RMLP PatchTST
Dataset  Prediction length original MoLE ‘ original MoLE ‘ original MoLE ‘ 64 42
96 0.372 0377 | 0.371 0.375 | 0.381 0.421 | 0.370 0.375
ETTLL 192 0.413 0453 | 0.404 0.403 | 0541 0.432 | 0.413 0.414
336 0.442 0469 | 0.428 0430 | 0453  0.437 | 0.422 0.431
720 0.501  0.505 | 0.450 0.449 | 0.502  0.474 | 0.447 0.449
96 0.287 0.287 | 0.272 0273 | 0.294 0.322 | 0.274 0.274
ETTHY 192 0.349 0362 | 0.341 0.336 | 0.362 0375 | 0.341 0.339
336 0430 0.419 | 0372 0.371 | 0.389  0.416 | 0.329 0.331
720 0710  0.605 | 0.418 0.409 | 0.440 0.418 | 0.379 0.379
96 0.300 0.286 | 0.301 0.291 | 0.300 0.294 | 0.293 0.290
— 192 0.336  0.328 | 0.335 0.333 | 0.339  0.340 | 0.333 0.332
336 0.374 0380 | 0371 0.368 | 0.365 0.365 | 0.369 0.366
720 0461  0.447 | 0.429 0.429 | 0439  0.426 | 0.416 0.420
96 0.168 0.168 | 0.164 0.163 | 0.165 0.163 | 0.166 0.165
S— 192 0.228 0233 | 0219 0.217 | 0223 0.220 | 0.223 0.220
336 0.295 0.289 | 0.272 0.272 | 0.282 0.282 | 0.274 0.278
720 0.382  0.399 | 0.368 0.380 | 0.362 0371 | 0.362 0.367
96 0175 0.147 | 0174 0.152 | 0.156  0.153 | 0.149 0.152
ther 192 0.224  0.203 | 0217 0.190 | 0.203 0.190 | 0.194 0.197
weathe 336 0.263 0.238 | 0264 0.245 | 0254 0.242 | 0.245 0.249
720 0.332  0.314 | 0331 0.316 | 0.331 0.323 | 0.314 0.320
96 0140 0.131 | 0143 0.133 | 0.131  0.129 | 0.129 0.130
— 192 0.153 0.147 | 0.157 0.150 | 0.149  0.152 | 0.147 0.148
clectrieity 336 0.160 0.162 | 0.174 0.164 | 0.167 0.166 | 0.163 0.167
720 0.203 0.180 | 0212 0.182 | 0.200 0.178 | 0.197 0.202
96 0410  0.390 | 0412 0.384 | 0.380 0.372 | 0.360 0.367
- 192 0423  0.397 | 0424 0.397 | 0.396 0.385 | 0.379 0.385
athe 336 0436  0.425 | 0437  0.415 | 0.409  0.407 | 0.392 0.398
720 0.466  0.446 | 0.466  0.440 | 0.441  0.429 | 0.432 0.434
96 0571  0.555 | 0572  0.564 | 0.584  0.567
192 0.593  0.566 | 0.595 0.588 | 0.601 0.588
Weather2K79 336 0.590 0.546 | 0.592 0.575 | 0.594 0.574
720 0.619 0.535 | 0.624 0.566 | 0.616 0.565
96 0409 0.391 | 0407 0.395 | 0.403 0.403
192 0437  0.405 | 0436  0.427 | 0438  0.424
Weather2K114 336 0.460  0.415 | 0459 0.439 | 0453  0.441
720 0.506  0.425 | 0.509 0.482 | 0.495  0.476
96 0481  0.474 | 0483 0.471 | 0.481  0.483
192 0.502  0.484 | 0505 0.495 | 0.509  0.495
Weather2K850 336 0.509 0.474 | 0513  0.502 | 0513  0.499
720 0.523  0.461 | 0527 0.489 | 0527 0.491
96 0.545  0.535 | 0.545 0.535 | 0.550  0.544
192 0.591 0.601 | 0.591 0.581 | 0.600 0.584
Weather2K1786 336 0.620 0.603 | 0.620 0.618 | 0.634 0.617
720 0.658 0.660 | 0.660 0.628 | 0.668 0.640

No. improved (%) 32 (72.7%) 38 (86.4%) 33 (75.0%)
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5.2 Comparison with Single-Head Models

Table 3 presents the evaluation results for three leading
linear-centric models: DLinear, RLinear, and RMLP,
across various datasets and prediction length settings.
Among the 44 dataset and prediction length combina-
tions, MoLE improves the forecasting error of the origi-
nal model in 32/44 (73% of experiments) instances
for DLinear, 38/44 (86%) instances for RLinear, and
33/44 (75% of experiments) instances for RMLP.
In particular, we note that for larger datasets, such as
weather, electricity, and traffic, MoLE enhances all 12
(100%) combinations of dataset and prediction length
for DLinear and RLinear. The cells shown in blue
indicate the current SOTA for a given dataset and
prediction length. Enhanced by MoLE, these linear-
centric models achieve SOTA in 68% of experimental
settings for which PatchTST also reports numbers (to
which we also compare), whereas the existing linear-
centric models were previously SOTA in only 25%
of cases. For the Weather2K datasets, MoLE-linear-
centric models achieve SOTA in all settings.

5.3 Ablations and Design Choices

Does the timestamp input help the mixing layer
learn better? To demonstrate that the performance
enhancement from MoLE is not just a result of in-
creased model size, but rather the introduction of
timestamp information, we designed the following ex-
periments: 1) We replaced the timestamp embedding
with random numbers (while keeping the values within
the original range of the timestamp embedding). We
call this variant RandomIn. 2) Building on the first
ablation, we introduced a second modification where
we use random weights instead of the outputs from
the mixing layer to compute a weighted sum of the
outputs from the heads. This is done both at training
and test time. We call this variant RandomOut. We
refer to the original MoLE with time stamp input as
Timeln. For these design variants, we maintained the
same hyperparameter search strategy shown in Table
2. Consistent with our previous experiments, we chose
the set of hyperparameters that produced the best val-
idation loss to compute the reported test loss. We ran
experiments using the DLinear model.

Surprisingly, RandomlIn and RandomQut occasionally
produce losses lower than Timeln, which uses times-
tamp embeddings. This is consistent with the of find-
ings of ( ) on MoE with hash layers.
We explore why in the next subsection. For now, we
comment on the robustness of Timeln. As shown in
Table 4, across all experiments, Timeln had the lowest
loss in 25 instances, surpassing RandomIn and Rando-
mQut, which achieved this 11 and 8 times, respectively.

Table 4: Comparison between Timeln (proposed
method, conditioning on timestamp) with condition-
ing on a random input Randomln and randomly mix-
ing outputs RandomQOut. The best MSE results are
highlighted in bold, 2nd lowest losses are underlined.
W2K stands for Weather2K datasets.

Pred.

Dat Timeln RandomIn RandomOut
Len.

_ 96  0.3768 0.3750 0.3755
& 192 0.4531 0.4526 0.4297
£ 336 0.4689 0.4742 0.4740
= 720 0.5046 0.5302 0.5229
- 96 0.2865 0.2916 0.2859
& 192 0.3617 0.3481 0.3618
B 336 0.4187 0.3864 0.4156
= 720 0.6053 0.5929 0.6029
_ 96 0.2862 0.2865 0.3031
5 192  0.3281 0.3288 0.3357
5 336 0.3797 0.3712 0.3750
M 720 0.4466 0.4463 0.4506
o 96  0.1677 0.1678 0.1666
E 192 0.2334 0.2308 0.2252
= 336 0.2889 0.2328 0.2776
= 720 0.3985 0.4128 0.3807
5 96  0.1466 0.1454 0.1768
<= 192 0.2025 0.1872 0.2240
g 336 0.2381 0.2461 0.2658
= 720 0.3142 0.3249 0.3335
z 96 0.1314 0.1332 0.1399
kS 192 0.1474 0.1472 0.1532
g 336 0.1618 0.1625 0.1688
& 720 0.1796 0.1974 0.2031
. 96 0.3903 0.4096 0.4100
= 192 0.3966 0.4221 0.4226
5 336 0.4251 0.4338 0.4354
720  0.4460 0.4631 0.4655

- 96 0.5547 0.5565 0.5711
S 192 0.5662 0.5810 0.5927
& 336 0.5465 0.5779 0.5900
- 720 0.5348 0.6012 0.6198
- 96  0.3913 0.3894 0.4087
§ 192 0.4053 0.4204 0.4371
= 336 0.4148 0.4424 0.4601
= 720 0.4246 0.4907 0.5066
o 96 0.4741 0.4648 0.4804
§ 192 0.4841 0.4931 0.5017
= 336 0.4745 0.5018 0.5091
= 720 0.4613 0.5089 0.5234
2 96 0.5346 0.5564 0.5459
= 192 0.6014 0.6025 0.5900
= 336  0.6034 0.6345 0.6177
= 720 0.6603 0.6827 0.6583
No. lowest 25/44 11/44 8/44

When, and why does randomness help? We
next try to understand when and why random inputs
(and even outputs!) can help linear-centric models.
We propose two possible effects contributing to this ob-
servation: Effect 1: RandomlIn and RandomOQOut may



Ronghao Ni, Zinan Lin, Shuaiqi Wang, Giulia Fanti

have a regularization effect, akin to dropout (Baldi
and Sadowski, 2013), which prevents the network from
overfitting head weights to the training data. This has
the effect of making all heads better. Effect 2: Sup-
pose time series can be roughly divided into regimes
with different temporal patterns (e.g., weekdays vs
weekends). For long input sequences, the sequence
may traverse multiple regimes. Hence, no single head
will be able to capture the full dynamics, regardless
of start time. However, as the input sequence length-
ens, the linear layer has more past data to consider,
and some patterns in this data can hint at upcoming
changes in the series. Hence, we predict that the effect
of conditioning on start time should be less beneficial.
Conversely, as the input sequence length is reduced,
the effect of input time should be more beneficial.

We hypothesize that both effects contribute to the
observations in Table 4. To validate this hypothe-
sis, we conducted the following experiment on MoLE-
DLinear. To test effect 1, we compared Timeln, Ran-
domlIn, and RandomQut to a variant in which we con-
duct dropout over the heads. That is, during training,
we exclude in each iteration a randomly-selected frac-
tion (20%) of heads. At test time, we use all heads ac-
cording to the learned weights in the mixing layer. To
test effect 2, we fixed the prediction length to 100 and
progressively varied the input sequence length among
{6,88,170,254,336}.

Following the same methodology as our main experi-
ments, we performed a grid search on hyperparameters
and reported the test loss of the best set of hyperpa-
rameters for each seed. Each experiment is averaged
over three runs over the Electricity dataset.

In Figure 5, we plot the mean MSE for each input
length, and the shadows around the curves represent
the + standard deviation. The shadows are not clearly
visible since the results are stable. Figure 5 illustrates
three important trends:

(1) As input length increases, the performance of
Timeln approaches that of the single-head baseline,
as well as RandomlIn and RandomOut. This suggests
that Effect 2 may indeed be correct: conditioning on
timestamp is more beneficial as input sequence length
decreases. (Note that our earlier results in Table 3
used a fixed input length of 336, which is the right-
most point of Figure 5, where the gains of MoLE are
least pronounced.)

(2) Dropout has virtually no effect on RandomlIn or
RandomOut, but it does affect Timeln. This suggests
that using random inputs may indeed have a regular-
ization effect (Effect 1), which is roughly equivalent to
dropout over heads. To take advantage of both effects
at once, we can condition on time stamp while also

0.6 = single-head

’ —— Timeln

0.5 ==~ Timeln+Dropout
—— Randomin

0.4 1 —=-- RandomlIn+Dropout
—— RandomOut

S —== RandomOut+Dropout
0.3 1

0.2

0 50 100 150 200 250 300 350
Input Length

Figure 5: Performance comparison of various methods
based on input length on MoLE-DLinear.
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Figure 6: Impact of batch size on MoLE-DLinear

doing dropout over heads.

(3) As input sequence length grows, the effect of
dropout on Timeln becomes more beneficial. This
suggests that overfitting to the start timestamp is more
detrimental for longer input sequences.

How does batch size influence model perfor-
mance and what size should we use? We finally
present the results of our experiments to determine the
batch size for our prior experiments. Figure 6 plots
how the final test loss varies with batch size, for four
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datasets. For these experiments, we used DLinear as
the base model, with an input sequence length of 336,
prediction length of 96, five heads, and an initial learn-
ing rate of 0.05. We observe that in general, test losses
are lower when batch sizes are either very small or (in
some cases) large (relative to intermediate sizes rang-
ing from 16 to 128). This mid-range of batch sizes ex-
hibits poor generalization, with low training loss but
high test loss, similar to observations in

( ). For robustness, we used a batch size of 8.
Comprehensive results and a more detailed analysis of
batch size effects are available in the Appendix D.1.

6 Conclusion and Future Work

We propose MoLE, a technique based on mixture-
of-experts that can be applied out-of-the-box to ex-
isting linear-centric models to improve performance
in the LTSF problem. Our results strongly suggest
that MoLE gives significant and robust gains across a
wide range of datasets and prediction settings. An
important open question is precisely characterizing
high-dimensional datasets to understand exactly when
MoLE will help. Although we hypothesize that this
question relates to the degree and patterns of non-
stationarity in the time series dataset, it is currently
unclear how to predict how many heads are needed.
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A Time Stamp Embedding

In the preprocessing of date-time information for our datasets, various time-based features are extracted from
the timestamp data. Each feature corresponds to a specific component of the timestamp, including the hour of
the day, day of the week, day of the month, and day of the year. These features are each encoded into a range
of —0.5 to 0.5, with the transformation depending on the possible range of each feature.

For instance, in the case of the day of the week, Monday is indexed as 0 and Sunday as 6. Each day of the week
is then encoded to a value between —0.5 and 0.5, with the transformation given by the formula

index
—-0.5
(%)

Thus, Monday would be encoded as —0.5, Tuesday as approximately —0.33, Wednesday as approximately —0.17,
and so on, with Sunday encoded as 0.5.

B Toy Dataset Experiments

B.1 Dataset Description

We construct a toy dataset that models periodic behaviors across different days of the week. Precisely, the
dataset can be written as:

= ym—7(t) + noise(t) Monday to Thursday
v = yr—s(t) + noise(t) Friday to Sunday

where

. 1
ym—7(t) = 6sin (2#24t> +20

yr—g(t) = 6sin <27r112t> +20
noise(t) ~ N(0,0.1%)

B.2 More detailed results from the toy dataset experiments

Figure 7a shows how the mixing weights change over a continuous 2-week period. The mixing layer captures
the temporal patterns in the data, applying different heads for different frequencies. Figure 7b is a heatmap
representing the weight distribution of the linear layer in the single-head model. Using one head to predict the
time series, the model derives a compromised weight set that underperforms, as shown in Figure 4. However,
when employing two heads, the resulting models—whose linear layer weights are depicted in Figures 7c and
7d—efficiently learn the two frequency patterns and can yield more accurate predictions.
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Figure 7: More detailed look into the experiment of the toy examples. In heatmaps, a bright color indicates a
positive value while a dark color indicates a negative value.

C Additional Main Results

C.1 Comparing Original and Our Replicated Experiments.

In this section, we compare previously-reported results with our reproduction of prior linear-centric results (using
their code).

Table 5 illustrates the differences between the original findings (Auth.) and our replicated experiments (Reprod.).
On average, the DLinear model’s outcomes vary by roughly 1.04% from the original. Meanwhile, the RMLP
and RLinear models show variations of around 2.10% and 1.99% respectively, indicating a generally consistent
replication.

C.2 Results with Different Random Seeds

Additionally, we conducted robustness experiments on all datasets except for Weather2K. Instead of utilizing a
single seed (2021), we employed three different seeds (2021, 2022, 2023) and calculated the average losses from
these runs. Within each run, the reported losses still adhere to our primary experimental method where we chose
the test losses of hyperparameters that resulted in the lowest validation losses.

Table 6 presents the results of our robustness tests. Here, MoLE exhibited improvements over the DLinear model
in 16 settings, and over RLinear and RMLP in 21 and 19 settings, respectively. The average enhancements exceed
67.7%. This demonstrates that our methodology remains consistent across varied random seeds and consistently
enhances the performance of the linear-centric models we tested.

C.3 Results with Additional Hyperparameter Tuning

We are interested in understanding the comprehensive impact of batch sizes and head dropout rates on model
performance. To explore this, we have added additional values of these hyperparameters into our hyperparameter
tuning process. Due to the high costs of these experiments and their similar performance compared to the
hyperparameter tuning shown in our main text, their results are presented only here in the Appendix. The grid
search included the following sets of hyperparameters in Table 7.
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Table 7: Hyperparameter search values. Bold denotes newly added hyperparameter values.

Hyperparameter Values

Batch size 8, 16, 32, 64, 128
Initial learning rate 0.005, 0.01, 0.05
Number of heads 2,3,4,5,6

Head dropout rate 0, 0.2, 0.4, 0.6, 0.8
Input sequence length 336

Prediction length {96,192,336,720}

Our methodology mirrors that of our primary experiments, where test losses correspond to hyperparameters
yielding the lowest validation losses. Moreover, each experiment was conducted three times using distinct random
seeds (2021, 2022, and 2023). The best results from each seed were averaged to obtain the final reported outcomes.
The results in Table 8 show that adding new hyperparameter values did not improve model performance. This
suggests that the original set of hyperparameters was sufficient for representing each model’s capabilities.

D Additional Ablations

Based on the results of the full hyperparameter tuning shown in Appendix C.3, we conducted two additional
ablations to further discuss how the choices of batch sizes and head dropout rates impact model performance.
The plots that follow show curves which are the average test losses from three different seeds. These test losses
are chosen from the hyperparameter configurations that yielded the lowest validation losses, while keeping the
parameter on the x-axis constant. The shaded regions around each curve indicate the range of £ one standard
deviation.

D.1 Impact of Batch Sizes on Model Performance

Figure 8 demonstrates the impact of varying batch sizes on the performance of both single-head and MoLE
DLinear, RLinear, and RMLP models. For smaller datasets, such as the ETT series, there is a trend similar to
an inverse U-shape, suggesting that very small or very large batch sizes may enhance model performance. In
contrast, for larger datasets, particularly electricity and traffic, larger batch sizes appear to benefit single-head
models, while MoLE models show optimal performance with mid-range to small batch sizes. Importantly, in
large datasets, MoLE models consistently outperform single-head models, even when the latter are given the
advantage of larger batch sizes. This trend is also observable in Table 8, where comprehensive hyperparameter
tuning does not enable single-head models to outperform MoLE in large datasets. These results confirm that
the batch size of 8, used in our main experiments, is sufficient to effectively represent each model’s capabilities.

D.2 TImpact of Head Dropout Rates on MoLE Performance

Figure 9 illustrates the test loss as a function of dropout rates for three distinct models: DLinear, RLinear, and
RMLP, across various datasets.

For the DLinear model, there is a consistent trend across datasets where certain mid-range dropout rates yield
lower test losses, such as in the ETTm]1, weather, electricity, and traffic datasets. For RLinear and RMLP,
similar U-shaped patterns can be observed, but only in larger datasets such as weather, electricity, and traffic.
For smaller datasets, like the ETT series, the link between dropout rate and test loss isn’t clear. The plots show
a lot of variation, indicating that the relationship is not strong.

E Anonymous Source Code

The code associated with this research can be accessed at https://anonymous.4open.science/r/MoLE.
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Table 5: Comparison of author’s original results (Auth.) with reproduced results (Reprod.) Prediction length
€ {96,192,336,720}. The values reported are MSE loss. A lower value indicates a better prediction. The
Difference (Diff.) represents the relative differences from the original results, computed as Diff. = (Reprod. —
Auth.)/Auth. x 100%. Blank entries indicate datasets and prediction lengths that were not reported by the

authors.

Model DLinear RLinear RMLP
Auth. Reprod. Diff. ‘ Auth. Reprod. Diff. ‘ Auth. Reprod. Diff.
_, 96 0.375 0.372 -0.80% | 0.366 0.371 1.37% | 0.390 0.381 -2.31%
ﬁ 192 0.405 0.413 1.98% | 0.404 0.404 0.00% | 0.430 0.541 25.81%
= 336 0.439 0.442 0.68% | 0.420 0.428 1.90% | 0.441 0.453 2.72%
= 720 0.472 0.501 6.14% | 0.442 0.45 1.81% | 0.506 0.502 -0.79%
o 96 0.289 0.287 -0.69% | 0.262 0.272 3.82% | 0.288 0.294 2.08%
ﬁ 192 0.383 0.349 -8.88% | 0.319 0.341 6.90% | 0.343 0.362 5.54%
= 336 0.448 0.430 -4.02% | 0.325 0.372 14.46% | 0.353 0.389 10.20%
= 720 0.605 0.710 17.36% | 0.372 0.418 12.37% | 0.410 0.440 7.32%
— 96 0.299 0.300 0.33% | 0.301 0.301 0.00% | 0.298 0.300 0.67%
E 192 0.335 0.336 0.30% | 0.335 0.335 0.00% | 0.344 0.339 -1.45%
=~ 336 0.369 0.374 1.36% | 0.370 0.371 0.27% | 0.390 0.365 -6.41%
M 720 0.425 0.461 8.47% | 0.425 0.429 0.94% | 0.445 0.439 -1.35%
~ 96 0.167 0.168 0.60% | 0.164 0.164 0.00% | 0.174 0.165 -5.17%
5 192 0.224 0.228 1.79% | 0.219 0.219 0.00% | 0.236 0.223 -5.51%
=~ 336 0.281 0.295 4.98% | 0.273 0.272 -0.37% | 0.291 0.282 -3.09%
M 720 0.397 0.382 -3.78% | 0.366 0.368 0.55% | 0.371 0.362 -2.43%
.. 96 0.176 0.175 -0.57% | 0.175 0.174 -0.57% | 0.149 0.156 4.70%
é) 192 0.220 0.224 1.82% | 0.218 0.217 -0.46% | 0.194 0.203 4.64%
£ 336 0.265 0.263 -0.75% | 0.265 0.264 -0.38% | 0.243 0.254 4.53%
720 0.323 0.332 2.79% | 0.329 0.331 0.61% | 0.316 0.331 4.75%
2 96 0.140 0.140 0.00% | 0.140 0.143 2.14% | 0.129 0.131 1.55%
:g 192 0.153 0.153 0.00% | 0.154 0.157 1.95% | 0.147 0.149 1.36%
§ 336 0.169 0.169 0.00% | 0.171 0.174 1.75% | 0.164 0.167 1.83%
< 720 0.203 0.203 0.00% | 0.209 0.212 1.44% | 0.203 0.200 -1.48%

96 0.410 0.410 0.00% 0.412 0.380

£ 192 0423 0423  0.00% 0.424 0.396

g 336 0.436 0.436 0.00% 0.437 0.409

720 0.466 0.466 0.00% 0.446 0.441
Avg. Diff. 1.04% | 2.10% | 1.99%
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Table 6: Comparison between original (single-head) and enhanced (multi-head MoLE) DLinear, RLinear, and
RMLP models. Each experiment is conducted using three different random seeds: 2021, 2022, 2023. The average
losses (avg) and standard deviations (stdev) are reported. Prediction length € {96,192,336,720}. The values
reported are MSE loss. A lower value indicates a better prediction. The cells shown in blue indicate that MoLE
improves the performance of the original (single-head) models.

Model

DLinear

RLinear

RMLP

original

MoLE \

original

MoLE \

original

MoLE

avg

stdev

avg

stdev ‘

avg

stdev

avg

stdev ‘

avg

stdev

avg

stdev

96

192
336
720

ETThl

0.3741
0.4134
0.4499
0.5072

2.29e-3
7.83e-3
1.14e-2
1.76e-2

0.3824
0.4291
0.4557
0.5136

1.58e-2
2.53e-2
2.16e-3
3.02e-2

0.3711
0.4052
0.4291
0.4483

1.67e-3
1.60e-3
1.52e-3
4.01e-4

0.3742
0.4105
0.5252
0.4493

2.12e-3
6.61e-3
1.67e-1
2.18e-4

0.3833
0.4914
0.5028
0.5072

2.20e-3
4.75e-2
2.86e-2
1.54e-2

0.4109
0.4403
0.4433
0.4830

7.29e-3
1.06e-2
8.53e-3
1.19e-2

96

192
336
720

ETTh2

0.2824
0.3566
0.4162
0.6648

4.96e-3
6.84e-3
2.48e-2
5.46e-2

0.2842
0.3652
0.4191
0.6238

3.68e-3
2.32e-2
2.62e-3
8.74e-2

0.2730
0.3471
0.3754
0.4233

2.02e-3
5.95e-3
3.47e-3
3.55e-3

0.2737
0.3401
0.3770
0.3918

6.71e-4
2.40e-3
7.80e-3
6.08e-3

0.2943
0.3683
0.3926
0.4444

4.31e-4
9.96e-3
1.24e-2
1.61e-2

0.2979
0.4028
0.4044
0.4206

7.74e-3
7.25e-2
1.02e-2
9.33e-3

96

192
336
720

ETTml

0.2998
0.3358
0.3794
0.4400

3.31e-4
2.84e-4
5.20e-3
1.13e-3

0.2879
0.3349
0.3731
0.4486

1.14e-3
7.72e-3
4.19e-3
1.82¢-2

0.3024
0.3402
0.3714
0.4274

1.73e-3
3.79¢-3
8.36e-4
2.05¢e-3

0.2925
0.3313
0.3692
0.4271

4.47e-3
2.12e-3
1.82e-3
9.96e-4

0.2968
0.3365
0.3729
0.4306

3.58e-3
3.25e-3
3.30e-3
2.64e-3

0.2983
0.3348
0.3697
0.4284

1.86e-3
3.32e-3
5.22e-3
3.20e-3

96

192
336
720

ETTm2

0.1680
0.2291
0.2875
0.3990

9.57e-4
7.67e-4
9.00e-3
1.73e-2

0.1684
0.2286
0.2956
0.4082

2.80e-3
3.18e-3
5.78¢-3
1.29e-3

0.1636
0.2195
0.2724
0.3678

9.65e-4
7.68e-4
3.48e-4
3.03e-4

0.1622
0.2170
0.2720
0.3688

6.40e-4
3.70e-4
7.32e-4
2.16e-3

0.1672
0.2216
0.2807
0.3680

3.59%e-3
2.35e-3
5.57e-3
4.33e-3

0.1672
0.2190
0.2792
0.3729

4.86e-3
1.20e-3
4.38¢e-3
6.62e-3

96

192
336
720

weather

0.1748
0.2182
0.2656
0.3295

2.05e-4
4.63e-3
5.52e-3
3.03e-3

0.1599
0.2014
0.3201
0.3125

2.33e-2
9.50e-3
1.33e-1
1.93e-3

0.1742
0.2166
0.2640
0.3311

6.24e-5
6.24e-4
2.34e-4
6.52e-5

0.1506
0.1890
0.2449
0.3204

4.39e-3
7.38¢e-4
5.00e-3
5.97e-3

0.1560
0.2037
0.2564
0.3269

1.99e-3
1.67e-3
2.49e-3
2.52e-3

0.1549
0.1952
0.2464
0.3931

9.27e-3
5.40e-3
1.79e-3
1.06e-1

96

192
336
720

electricity

0.1399
0.1533
0.1689
0.2032

4.70e-6
1.75e-6
6.38e-6
6.36e-5

0.1289
0.1475
0.1611
0.1787

3.64e-4
2.90e-4
1.26e-3
1.06e-3

0.1432
0.1568
0.1735
0.2122

2.74e-5
1.79¢-6
5.27e-6
6.06e-5

0.1319
0.1513
0.1647
0.1842

1.72e-4
4.82e-4
1.04e-3
4.38e-3

0.1307
0.1497
0.1660
0.2022

6.23e-4
2.62e-4
6.25e-4
1.11e-3

0.1290
0.1511
0.1657
0.1795

6.40e-4
1.73e-3
2.61e-3
9.70e-4

96

192
336
720

traffic

0.4102
0.4226
0.4355
0.4657

2.60e-5
3.88e-5
3.40e-5
8.93e-5

0.3843
0.3957
0.4239
0.4533

1.25e-3
4.27e-3
3.08e-3
4.88e-3

0.4119
0.4243
0.4367
0.4655

6.46e-6
2.42e-5
2.14e-5
4.47e-6

0.3783
0.3949
0.4158
0.4538

2.29e-3
3.21e-3
2.31e-3
2.25e-3

0.3786
0.3967
0.4092
0.4436

2.70e-3
5.31e-4
1.13e-4
1.59e-3

0.3695
0.3852
0.4080
0.4408

3.48¢e-3
2.46e-3
5.02¢-3
1.27e-3

IMP

16 (57.1%)

21 (75.0%)

19 (67.9%)
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Table 8: Comparison between original (single-head) and enhanced (multi-head MoLE) DLinear, RLinear, and
RMLP models with added hyperparameter values. Prediction length € {96,192,336,720}. The values reported
are MSE loss. A lower value indicates a better prediction. The better results among a linear-centric method and
its MoLE variant is highlighted in bold.

Model DLinear RLinear RMLP

Dataset  Prediction length original MoLE ‘ original MoLE ‘ original MoLE
96 0.376  0.375 | 0.370 0.374 | 0387 0.381

ETTLL 192 0.411 0436 | 0.405 0408 | 0434 0.425
336 0.456  0.474 | 0.427 0433 | 0462  0.437

720 0.498  0.497 | 0.447 0.446 | 0.514  0.524

96 0.282 0.282 | 0.275 0.275 | 0.304 0.285

BT 192 0.362 0.359 | 0.349 0.349 | 0.371  0.372
336 0.403 0.403 | 0.378  0.361 | 0.399 0.398

720 0.610 1.378 | 0423 0.389 | 0.448 0.418

96 0.301  0.295 | 0.304 0.290 | 0.302 0.296

BT Tl 192 0.344 0.347 | 0341 0.339 | 0.341 0.334
336 0.382 0.384 | 0374 0.372 | 0.373 0.374

720 0.451  0.466 | 0.428 0429 | 0432 0.428

96 0.166 0.165 | 0.164 0.162 | 0.170  0.169

ETTmo 192 0.228  0.223 | 0.220 0.220 | 0.222  0.228
336 0.279  0.276 | 0273 0.272 | 0281 0.273

720 0.392 0.386 | 0.367 0.370 | 0.369  0.371

96 0.176 0.160 | 0.174 0.149 | 0.152 0.152

" 192 0.217 0.210 | 0217 0.195 | 0.194 0.194
weather 336 0.266  0.300 | 0.265 0.243 | 0.244  0.246
720 0.334 0.332 | 0.331 0.316 | 0325 0.322

96 0.140 0.130 | 0.143 0.132 | 0.130 0.128

lectricit 192 0.153  0.147 | 0.154 0.149 | 0.148  0.149
electricity 336 0.160 0.160 | 0.172 0.164 | 0.164 0.163
720 0.203 0.180 | 0211 0.189 | 0202 0.178

96 0.409 0.384 | 0.412 0.383 | 0.376  0.367

e 192 0.420 0.400 | 0423 0.399 | 0.396 0.385
rathe 336 0.436  0.419 | 0437 0.413 | 0409  0.402
720 0.466  0.448 | 0.465 0.444 | 0443  0.435

No. improved (%) 19 (67.9%) 20 (71.4%) 19 (67.9%)
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Figure 8: Subplot comparison of test loss versus batch sizes across different prediction lengths and datasets.

(¢) RMLP

First row of each subplot: single-head (Original) models. Second row: MoLE models.
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Figure 9: Subplot comparison of test loss against head dropout rates for MoLE models across various prediction
lengths and datasets.
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