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Abstract

Time series forecasting (TSF) refers to a fundamen-
tal task of predicting future sequential data based on
historical observations. One representative category
of TSF methods is transformer-based approaches,
which translate time series into token sequences
(i.e. as raw texts) before applying well-established
transformers. In this paper, we conducted extensive
preliminary experiments to evaluate their stability
against various noises, and we empirically observed
an interesting phenomenon: applying noises with
appropriate levels to training time series can pro-
mote the predictive accuracy of transformer-based
TSF methods. We analyze this phenomenon from
the perspective of token attention and find one basic
reason is that applying noises with appropriate lev-
els can lead to token attention weights wavy, which
is more consistent to the basic characteristic of time
series data. Motivated by this phenomenon and
analysis, we apply perturbations and propose a sub-
objective wrt. perturbations constraining token at-
tention weights to be wavy. Accordingly, we pro-
pose a novel TSF method, namely Wave-Attention-
aware TransformER (WATER). We empirically
evaluate WATER across the commonly used bench-
mark datasets, and experimental results indicate that
it consistently outperforms the existing TSF meth-
ods.

1 Introduction

Time Series Forecasting (TSF) refers to the task of predicting
future sequential data based on historical observations [Qiu
et al., 2024; Kim et al., 2025]. As a fundamental task of ma-
chine learning, it has been widely adopted in many real-world
applications, such as climate forecasting, epidemic analysis,
energy management, financial investment, and traffic plan-
ning [Mudelsee, 2019; Deng et al., 2021; Yang et al., 2025;
Wang et al., 2025al.

During the past decades, many TSF methods have been
developed [Zeng er al., 2023; Ahamed and Cheng, 2024;
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Wang er al., 2025b]. Transformer-based TSF methods have
recently attracted much attention because of their high perfor-
mance, especially for long-term forecasting [Nie et al., 2023;
Zhang and Yan, 2023; Liu et al., 2024]. Technically, they fol-
low the spirit of problem transformation, whose basic idea is
to translate time series into token sequences (i.e. as raw texts)
before applying well-established transformers. For example,
PatchTST, a representative transformer-based TSF method,
applies the patching technique to group segments of time se-
ries into tokens [Nie et al., 2023]. In contrast, iTransformer
treats each time series of a variate as a single token and mod-
els inter-variate dependencies by attention [Liu ef al., 2024].
Regarding the attention-based dependency modeling, a simple-
yet-effective approach is to treat each variate independently
and model the temporal dependencies using attention [Nie
et al., 2023]. Building on this, Crossformer introduces a
Two-Stage Attention mechanism to simultaneously capture
both cross-time and cross-dimension dependencies [Zhang
and Yan, 2023], and Pathformer integrates the modeling of
intra-dependencies within each token.

Our initial research intention is to investigate the effective-
ness of transformer-based TSF methods in various scenarios,
and in this paper, our story begins with the empirical study of
their stability against noises. Specifically, we apply 4 bench-
mark time series datasets. For each one, we inject 2 types
of noise with different levels (in total 160+ settings) into the
training data, and separately train PatchTST models with them.
We then evaluate the forecasting performance on test data to
analyze how stable it is with different noises and levels. We
surprisingly find that, in most cases, injecting noise with appro-
priate levels can effectively boost the forecasting performance,
especially on the longer horizons (see Fig. 1). This phenomena
naturally raises the question: why does injecting noises with
appropriate levels lead to such a pronounced improvement in
time series forecasting?

To explore the underlying reasons, we investigate the token
attention weights in transformers, i.e. the critical component
to extract temporal dependencies. Interestingly, we observe
that noise injection at an appropriate level makes the atten-
tion weights exhibit a wave-like pattern, rather than being
concentrated on a small set of tokens (see Fig 2). Comparing
with highly concentrated attention weights, the wavy atten-
tions may reflect the intrinsic characteristics of time series
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data, such as temporal continuity, periodicity and multi-scale
dependencies, yielding more informative representations to
improve the forecasting performance.

Inspired by this phenomena, we propose a novel TSF
method to adaptively perturb the training data which con-
strains the token attention weights to be wavy, namely Wave-
Attention-aware TransformER (WATER). Specifically, we
apply Gaussian perturbations with zero mean and a learnable
standard deviation (std) parameter to control the perturbation
level. We optimize std parameters by maximizing the second-
order differences on the attention weights of each token. In this
way, each token attention weight is encouraged to have locally
high-curvature structures and thereby exhibiting a wave-like
pattern, rather than highly concentrated on a small set of to-
kens. By constraining the token attention weights to be wavy,
our WATER can adaptively learn perturbations at an appropri-
ate level, which can induce richer temporal dependencies and
consequently more informative token representations to pro-
mote forecasting performance. In a nutshell, our contributions
are summarized as below:

* We conduct extensive preliminary studies on transformer-
based TSF methods to evaluate the stability over various
noise types. We surprisingly find that appropriate noise
levels can promote the forecasting performance and make
the token attention weights wavy.

Inspired by the above phenomena, we propose a novel
TSF method WATER which adaptively perturbs the train-
ing data by constraining the token attention weights to
be wavy via maximizing the corresponding second-order
differences.

L]

We examine WATER by several time series forecast-
ing tasks against SOTA baseline methods on benchmark
datasets. And the experimental results demonstrate that
our WATER can achieve effective performance improve-
ments.

2 Preliminary Study

We conduct preliminary experiments to evaluate how
transformer-based TSF methods are stable with different
noises and levels.

2.1 Settings

In this preliminary study, we apply PatchTST because it is
acknowledged as a classic transformer-based TSF method.
Specifically, we collect 4 benchmark time series datasets
(ETTh1, ETTh2, ETTm1, ETTm?2), and for each one, we
inject noises into the training data. We then train PatchTST
with them, and our goal is to evaluate the performance dif-
ferences on test data between the models trained with and
without noises.

We apply 2 types of noises, i.e. structure-agnostic and
structure-aware noises, with different levels, totally collect-
ing 160+ settings. Specifically, for structure-agnostic noises,
we adopt Gaussian noise, power law noise (Fractional Gaus-
sian noise, FGN), shot noise and impulsive noise (Bernoulli-
Gaussian noise, BG) following [Wunderlich and Sklar, 2023].
Noise levels are controlled by varying the signal-to-noise
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Figure 1: The MSE and MAE scores of PatchTST on dataset
ETTh1 when applying Gaussian and FGN noises with different levels
(SNR={0, 10, 20, 30} dB) on training data.

rate (SNR) from {—5,0, 5,10, 15,20, 25,30} dB and noise-
specific parameters, e.g. the Bernoulli mask probability for
controlling whether to add Gaussian noise on each time point
is set as {0.1,0.5,0.7,1.0}.. For structure-aware noises, we
adopt Speedup, Cutoff and Scaling transformations following
[Obata et al., 2025]. The noise levels are controlled by varying
mask ratios from {0.01,0.1,0.2,...,0.7}, which controls the
proportion of a sequence to be transformed, and scaling pa-
rameters from {0.01, 1.0, 2.0, 3.0, 4.0}, which controls noise
scaling in noise addition. Statistics of datasets are presented in
Table 4 in Appendix. Detailed noise additions and parameter
settings are presented in Appendix B.1 and Table 5.

2.2 Empirical Observations

We report the averaged MSE/MAE scores of applying Gaus-
sian and FGN noises on ETTh1 over different historical se-
quence lengths in Fig. 1a, 1b and full results of different noises
are presented in Appendix B.2.

We can surprisingly find that applying noise at appropriate
levels can effectively promote the forecasting performance,
especially for longer horizons. As the noise level gradually
increases from mild to excessive, the overall forecasting per-
formance gain first increases and then deteriorates, and are
more significant when horizon=336/720. Specifically, an ap-
propriate noise here refers to noise that slightly blurs local
details without altering the overall trend (e.g. the corrupted
series with Gaussian noise of 15 dB in Fig. 6). Such noises
typically happens at SNR € {15, 20,25} dB.

2.3 Analysis from Self-Attention Perspective

To explore the underlying reason, we investigate the effect
of noise on the token attention weights, which are crucial
for modeling complex temporal dependencies in transformer-
based methods. We focus on 4 structure-agnostic noises and
compare token attention weights between training with and
without applying noises on ETTh1 and present a toy attention
comparison in Fig. 2. More results of token attention weights
are presented in Figs. 18, 19, 20, 21 in Appendix B.2. We
can find that applying noise to training data makes the token
attention weights wavy and effectively mitigates the extreme-
token phenomena.

When training without noise, the extreme-token phenom-
ena is relatively severer than training with noise, i.e. higher
attention weights are concentrated on a small set of tokens,
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(b) Train w/ Gauss. noise.

(a) Train w/o noise.

Figure 2: Output token attention weights comparing training without
noise and training with applying Gaussian noise of SNR=20 dB.

and the rest tokens receive only negligible weights. This
is a common issue in transformer-based methods and has
been widely discussed in previous studies [Guo et al., 2023;
Xiao et al., 2024]. Such attention pattern contradicts the com-
plex temporal dependency nature of time series data. It may
result in collapsed and less discriminative token representa-
tions, thereby harming the overall forecasting performance.

When training with noise, the token attention weights be-
come wavier, where the attention weights of each token vary
with temporal distance and exhibiting a rising-or-falling local
pattern in a non-monotonic manner. This wave-like pattern
may suggest that applying noise encourages the model to ag-
gregate information across different temporal ranges and can
effectively explore the intrinsic characteristics of time series
data, such as local continuity, periodicity, and multi-scale tem-
poral dependencies. Therefore, the induced attention weights
becomes more consistent with the complex characteristics of
time series data, leading to more informative token representa-
tions and improved forecasting performance.

In a word, applying noise to training data with appropriate
levels can induce a wave-like token attention weights, which
may reflect the intrinsic characteristics of time series data. This
inspires us to adaptively introduce perturbations by constrain-
ing the token attention weights to be wavy, thereby improving
the overall forecasting performance.

3 Method

For simplicity of notations, we introduce our method
from the perspective of univariate time series forecasting.
We denote an observed time series sequence by x; =
(2.0, Ti 2y - - Tip—1] " € RE, where L denotes the historical
sequence length. The time series forecasting task aims at pre-
dicting the future sequence y; = [yi.0,Yi2,---,YiF—1] €
R¥ of length F'. Generally, we collect a set of [V times se-
ries D = {(x;,y;)}L, as training data to learn a forecasting
model f(-) which can accurately predict the future sequence
using the observed time series.

Inspired by the preliminary experiments, we propose a novel
TSF method WATER to perturb the training data to enhance the
overall predicting performance. To induce an appropriate per-
turbation level, we introduce a second-order difference maxi-
mization constraint to encourage the token attention weights
to be wavy. We will introduce the details of WATER in the
following.

3.1 Learnable Gaussian Perturbations

We consider the Gaussian perturbations and control the noise
level by a learnable parameter of standard deviation (std).
Specifically, for sequence x;, to exert noise with different
levels on each time point, we set the std parameter as o; € R
and the perturbed input is given by:

X; = X; + ey, 1

where e; denotes the Gaussian perturbations and is calculated
by the reparameterization trick [Kingma and Welling, 2014]:

€ ~N(0,1I). )

The standard deviation parameter is optimized by encouraging
the model to output a wavy token attention matrix along with
model training, which will be introduced in the following.

€, =0, €

3.2 Tokenization and Forecasting

We adopt a transformer-based TSF method which consid-
ers token-wise attentions to predict the future sequence
yi. We first pre-process the perturbed sequence by In-
stance Normalization [Kim er al., 2021] and then patch
it into several tokens to adapt the input formats of trans-
formers. Specifically, each perturbed sequence x € R
is patched into X; = [X;1,...,X; p,] € RL»*P where
Xij = [Xi(G—1)Ly+1s--- ,S'ci,j‘Lp]T € RE» denotes the j-
th token; L, denotes the token length; Py = |L/L,| + 2
denotes the number of patches.

Then we adopt an embedding layer fy_ (), C stacked trans-
former layers fyy1:c(-) and a flatten-linear predictor fw, (-)
to predict the future sequence ¥;:

yi = fw; (fwre (fw. (X)) (©)

We learn the model by optimizing the objective:

N
1 .
‘CfOTE(07W€7Wt7Wf) = Nzé(Y7yz)7 (4)
=1

where £(-,-) denote the forecasting loss and we adopt the
weighted loss following [Ma et al., 2025].

3.3 Wavy Attention Constraint

Taking inspiration from preliminary studies showing that ap-
propriate noise injection yields wave-like token attention pat-
terns, we adaptively learn input perturbations by directly max-
imizing the second-order difference of token attention weights
to encourage higher curvature.

Specifically, for each token sequence X;, its corresponding
attention weight across all tokens is denoted by A; = {Af’h},

where Af’h € RL»*Lr ¢ € [1,0] denotes the transformer
layer index and h € [1, H] denotes the attention head index.

Specially, it’s worth mentioning that the attention matrix Af’h
can be derived from various attention mechanisms across dif-
ferent backbones, making our method generalizable to any
transformer-based TSF model that considers token-wise at-
tention. To induce wavy token attention weights, inspired by
[Hodrick and Prescott, 19971, we introduce a second-order
difference maximization constraint on the attention weight
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Algorithm 1 Training procedure of WATER.

Input: Time series data {(x;,y;)} Y,

Output: Optimal parameters {o*, W, th‘c*,

WATER

1: Initialize {o, W, W}¢ W ;1};

2: for epoch e = 1 to MaxEpoch do

3:  foriter it = 1to MaxIter do

4 Add Gaussian perturbations to each x; by Eq. (1);
5: Calculate the training objective of Eq. (6);
6: Update {0, W., W}¢ W} by back-propagation;
7

8:

7t of

end for
end for

distribution of each token to induce higher curvature on each
token. Therefore, we set the following maximization objec-
tive:
1:
Lai(As;0, We, WC)

1
—2(AM) % + (Af’h)j,k—l)Q) ,

where A2((Af’h) ;%) denotes the second-order difference of
AS" along k.

In this way, the local curvatures of each token point are en-
couraged to be higher, thereby promoting a wave-like pattern
in the overall token attention matrix. Each token are encour-
aged to attend to more tokens across different temporal ranges,
which is consistent with the intrinsic data characteristics of
time series, such as local continuity, multiple periodicity, efc.
In this way, we can utilize more complex temporal dependen-
cies to induce more informative token representations, which
contributes to promoted forecasting performance.

By combining the above two objectives, the whole learning
objective is formulated as below:

Lo, W, WY W;) =

ﬁfore(o'a We7 Wgzc, Wf) - A ‘Cdzf(Aa g, We7 W%:C)
(6)

where ) denotes the scaling parameter, A = {A;}Y, denotes
the set of token attentions of all samples. By optimizing the
above objective, we can adaptively learn the standard devia-
tion parameter by constraining the token attention weights to
be wavy, thereby adaptively adding noise to the input series,
further promoting the overall forecasting performance. The
overall model training process of WATER is summarized in
Algorithm 1.

4 Related Work

4.1 Time Series Forecasting

In the past decades, time series forecasting methods have
evolved from statistical techniques, such as exponential

smoothing and ARIMA models [Box er al., 2015], to advanced
machine learning approaches. Recently, deep learning meth-
ods have been widely adopted to capture complex temporal
patterns, such as MLP, RNN, CNN, Transformers, diffusion
models and Mamba, etc.

Transformers has been widely adopted for TSF due to
excelling at capturing long-term dependencies. However,
early point-wise transformers-based TSF methods suffer from
quadratic computational complexity. To address this problem,
researchers have devoted into several directions, including
sparsity decomposition, tokenization, efc. Informer [Zhou et
al., 2021] treats each time series as a single token and models
variable dependencies using attention mechanisms. Build-
ing upon this paradigm, models such as Autoformer [Wu et
al., 2021] and FEDformer [Zhou et al., 2022] successfully
reduced complexity using sparsity.strategies. More recently,
researches integrate tokenization technique to induce token-
wise methods, which significantly reduce the computational
complexity and adapt transformers for modeling longer se-
quences. PatchTST [Nie et al., 2023] is one of the pioneers
which adopts the simple channel independency assumption.
Crossformer [Zhang and Yan, 2023] develops a two-stage at-
tention mechanism to simultaneously capture the inter- and
intra-variate dependencies. Pathformer [Chen et al., 2024]
propose to segment time series into patches of different sizes
and use a multi-scale router to extract temporal dependen-
cies from multiple resolutions. TimeXer [Wang et al., 2024b]
introduced variable-level tokens to account for bidirectional
dependencies.

Building upon transformer-based TSF methods, our work
observes that injecting noise at an appropriate level into the in-
put time series consistently improves forecasting performance.
Motivated by this, we propose WATER, which adaptively
learns the perturbation level by encouraging the token-wise
attention weights to be wavy, thereby enabling richer temporal
dependencies and promoting the forecasting performance.

4.2 Performance Enhancement via Perturbations

In the machine learning community, introducing controlled
perturbations during training has been widely adopted as an
effective approach to improve model generalizability and ro-
bustness. A prevalent way is to design artificial noise injection
as implicit regularizer, which leads into smoother solutions
and effectively alleviates overfitting [Orvieto et al., 2022]. In
computer vision, [Yin et al., 2025] applies random noise into
feature statistics within the model. This strategy significantly
improves generalization under unseen noise distributions. Sim-
ilar ideas have also been explored in TSF. For example, [Yoon
et al., 2022] introduces noise during training to achieve cer-
tified robustness against bounded adversarial perturbations.
[Cheng et al., 2024] systematically studies the effects of dif-
ferent anomaly injection strategies on TSF. Based on their
findings, they propose a robust forecasting framework. Over-
all speaking, injecting noise into training data can enhance
the model generalization, leading to more robust and accurate
prediction performance.
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Method WATER MoFo PDF iTransformer | Pathformer CycleNet TimeMixer PatchTST Crossformer DLinear
etho (Ours) (2025) (2024) (2024) (2024) (2024) (2024) (2023) (2023) (2023)
Metric |  MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

| 96 | 03571050 038910514 | 0363 0392 | 0.360 0.391 | 0.386 0.405 | 0.372 0.392 | 0.372 0.394 | 0.372 0401 | 0377 0397 | 0411 0435 | 0.379 0.403

£ | 192 | 03950077% 0415024 | 0.407 0420 | 0.392 0.414 | 0424 0440 | 0408 0415 | 0.404 0417 | 0413 0430 | 0409 0425 | 0409 0438 | 0408 0.419

5 | 336 | 04071103 04281023 | 0415 0429 | 0418 0435 | 0449 0460 | 0438 0434 | 0430 0429 | 0438 0450 | 0431 0.444 | 0433 0457 | 0440 0.440

720 | 0.42714.69 0.4491 .97 0.449 0.458 | 0.456 0.462 | 0495 0.487 | 0450 0.463 | 0.448 0.464 | 0.486 0.484 | 0457 0.477 | 0.501 0.514 | 0471 0.493

« 96 | 0.27210.73 0.32510.61 0.278 0.327 | 0.276  0.341 | 0.297 0.348 | 0.279 0.336 | 0.277 0.341 | 0.281 0.351 | 0.274 0.337 | 0.728 0.603 | 0.300 0.364

ﬁ 192 | 0.327115 0.37511.06 0.332  0.379 | 0.339 0.382 | 0.372 0.403 | 0.345 0.380 | 0.341 0.385 | 0.349 0.387 | 0.348 0.384 | 0.723 0.607 | 0.387 0.423

5[ 336 | 035101 03981107 | 0.362 0406 | 0374 0406 | 0.388 0417 | 0.378 0408 | 0.370 0411 | 0.366 0413 | 0.377 0416 | 0.740 0.628 | 0.490 0.487

720 | 037712550 0.421 0387 0.430 | 0.398 0433 | 0.424 0.444 | 0.437 0.455 | 0424 0451 | 0.401 0.436 | 0406 0.441 | 1.386 0.882 | 0.704 0.597

— | 96 | 0279:176%  0.3361030% | 0284 0.336 | 0.286 0.340 | 0.300 0.353 | 0.290 0.335 | 0.297 0.344 | 0.293 0.345 | 0.289 0.343 | 0.314 0.367 | 0.300 0.345

E 192 | 0.32010: 03611055 | 0.326 0364 | 0.321 0.364 | 0.341 0.380 | 0.337 0.363 | 0.332 0.365 | 0.335 0.372 | 0.329 0.368 | 0.374 0.410 | 0.336 0.366

E 336 | 0.35011.13 0.38610.78% | 0.354 0.384 | 0.354 0.383 | 0.374 0.396 | 0.374 0.384 | 0.366 0.386 | 0.365 0.386 | 0.362 0.390 | 0.413 0432 | 0.367 0.386

720 | 039612160 0.4131024% | 0.406 0.417 | 0.408 0.415 | 0429 0.430 | 0428 0416 | 0.417 0414 | 0426 0412 | 0.413 0423 | 0.753 0.613 | 0.419 0.416

a | 96 | 01551064 0.24310.41 0.156 0.244 | 0.163 0.251 | 0.175 0.266 | 0.164 0.250 | 0.157 0.247 | 0.165 0.256 | 0.165 0.255 | 0.296 0.391 | 0.164 0.255

5 192 | 0.2081250% 0.280+175% | 0.214 0.285 | 0219 0.290 | 0.242 0312 | 0.219 0.288 | 0214 0286 | 0.225 0.298 | 0.221 0.293 | 0.369 0.416 | 0.224 0.304

£ | 336 | 02591265 031410050 | 0266 0317 | 0269 0330 | 0282 0337 | 0267 0319 | 0269 0322 | 0277 0332 | 0276 0327 | 0.588 0.600 | 0277 0337

720 | 034411050 0.370+02 0348 0371 | 0.349 0.382 | 0.375 0.394 | 0361 0.377 | 0.363 0.382 | 0.360 0.387 | 0.362 0.381 | 0.750 0.612 | 0.371 0.401

5 | 96 | 01397120 018471050 | 0141 0186 | 0.147 0.196 | 0.157 0207 | 0.148 0.195 | 0.166 0.222 | 0.147 0.198 | 0.150 0200 | 0.143 0210 | 0.170 0.230

§ 192 | 0.18311 0.22910% 0.186 0.231 | 0.193 0.240 | 0.200 0.248 | 0.191 0.235 | 0.213 0.259 | 0.192 0.243 | 0.191 0.239 | 0.195 0.261 | 0.216 0.273

§ 336 | 0.2341043%  0.26910.74 0.233 0.271 | 0.245 0.280 | 0.252 0.287 | 0.243 0.274 | 0.262 0.291 | 0.247 0.284 | 0.242  0.279 | 0.254 0.319 | 0.258 0.307

720 | 03071160 0.3381368% | 0313 0.330 | 0.323 0.334 | 0320 0.336 | 0.318 0.326 | 0.329 0.338 | 0.318 0.330 {0312 0.330 | 0.335 0.385 | 0.323 0.362
96 | 0.1611520% 020511419 | 0.172 0210 | 0.181  0.247 | 0.190 0.244 | 0.218 0.235 | 0.201 0.252 | 0.179 0.232°| 0.170 0.234 | 0.183 0.208 | 0.199 0.265
8192 | 0171280 0.226273% | 0.176  0.229 | 0.199 0257 | 0.193 0257 | 0.196 0.220 | 0.221 0.261 | 0201 0259 | 0.204 0.302 | 0.208 0.226 | 0.220 0.282
& | 336 | 0.1801:2:%  0.234/636% | 0.186 0.244 | 0.208 0.269 | 0.203 0.266 | 0.195 0.220 | 0.233 0.269 | 0.190.-0.256 | 0.212 0.293 | 0.212 0239 | 0.234 0.295
720 | 0.191+1155 0.24111.69% | 0.194 0.244 | 0.212 0.275 | 0.223  0.281 | 0.208 0.237 | 0.236 0.271 | 0.203 0.261 | 0.215 0.307 | 0.215 0.256 | 0.243  0.301

& 96 | 012611504 0.219:000% | 0.130 0.224 | 0.128 0.222 | 0.134 0230 | 0.135 0.222 | 0126 0.221 [ 0.153 0.256 | 0.143 0.247 | 0.134 0231 | 0.140 0.237

E 192 | 0.14310.69 0.23511.67 0.146  0.239 | 0.147 0.242 | 0.154 0.250 | 0.157 0.253 | 0.144 0.239 | 0.168 0.269 | 0.158 0.260 | 0.146 0.243 | 0.154 0.251

2 | 336 | 0.15811500  0.2531075 | 0161 0255 | 0.165 0.260 | 0.169 0.265 | 0.170 0.267 | 0.161 0.253 | 0.189 0.291 | 0.168 0.267 | 0.165 0.264 | 0.169 0.268

B | 720 | 019271 05%  0.2841070% | 0200 0290 | 0.199 0.289 | 0.194 0.288 | 0.211 0.302 | 0.199 < 0.286 | 0.228 0.320 | 0.214 0.307 | 0.237 0.314 | 0.204 0.301
o | 96 | 0.374305%  0.254100% | 0.375 0.254 | 0.368 0252 | 0.363 0.265 | 0.384 0.250 | 0.389 0.276 | 0.369 0257 [ 0.370 0.262 | 0.526 0288 | 0.395 0.275

€| 192 | 0.389153%  026Luis0% | 0388 0261 | 0.382 0261 | 0.384 0273 | 0405 0.257 | 0406 0280 | 0.400 0272 | 0386 0.269 | 0.503 0.263 | 0.407 0.280

& | 336 | 0.399,153%  0.2691151% | 0.400 0.268 | 0.393 0.268 | 0.396 0.277 | 0424 0.265 | 0.425 0291 | 0.407 0.272 | 0.396 0.275 | 0.505 0.276 | 0.417 0.286

720 | 0.43510.68 0.28912.12% | 0.435 0.289 | 0.438 0.297 | 0.445 0.308 | 0.452 0.283 | 0.450 0.303 | 0.461 0.316 | 0.435 0.295 | 0.552 0.301 | 0.454 0.308

Table 1: Forecasting performance across baseline methods. All results are selected from the best performance under the historical sequence
length L € {96,336, 512}. The best results across all methods are in boldface, and the second best results are underlined. “|”” denotes the
relative percentage improvement regarding the best baseline and ““}”” denotes the percentage degraded.

5 Experiment
5.1 Experimental Settings

Datasets

We conduct our experiments on 8 benchmark time series
datasets, including ETTh1, ETTh2, ETTml, ETTm?2, Weather,
Solar Energy, Electricity, and Traffic [Zhou er al., 2021].
Statistics are summarized in Table 4.

Baseline Methods

We compare WATER with 9 advanced time series forecasting
methods as baselines, comprising MoFo [Ma et al., 2025],
PDF [Dai et al., 2024], iTransformer [Liu et al., 2024], Path-
former [Chen et al., 2024], CycleNet [Lin e al., 2024],
TimeMixer [Wang er al., 2024al, PatchTST [Nie et al., 2023],
Crossformer [Zhang and Yan, 2023] and DLinear [Zeng et al.,
2023].

Implementation Settings

We adopt MoFo [Ma et al., 2025] as the backbone forecasting
model and set the periodic length as 24. We also evaluate our
WATER on other transformer-based backbones which consider
token-wise attentions in latter sections. Each o; is initialized
by exp(—2.0). The initial learning rate is set as 0.01 and we
decay it by half every 5 epochs for each parameter o; and every

2 epochs for rest parameters. The scaling parameter A of objec-
tive Eq. 6 is tuned over {le—5,1e—4,1e—3,1e—2,1e—1}
and we present the sensitivity analysis of A in latter sections.
The number of backbone layer is set as 1 and we tune the
layer dimensions following [Ma er al., 2025]. To ensure eval-
uation fairness, we disable the “Drop Last” batch-sampling
trick. Our experiments are conducted on 2 NVIDIA RTX
4090 GPUs of 128 GB memory in Ubuntu system. We imple-
ment our method within the TFB library [Qiu ef al., 2024] to
ensure fair comparisons. We adopt MSE and MAE for evalua-
tion and report the best performance achieved over historical
sequence length L € {96, 336, 512} for each forecasting hori-
zon F' € {96,192, 336,720}. The baseline results are taken
from official implementations or the original papers.

5.2 Result and Analysis

Forecasting Comparison across Baselines

The overall forecasting performance under different predic-
tion horizons are presented in Table 1. We can find that our
WATER consistently outperforms most baseline methods in
most cases. This results directly indicate the effectiveness
of our proposed method in handling long-term time series
forecasting. More specifically, the performance improvements
tend to be larger on longer prediction horizons. For example,
on ETTh2, WATER achieves MSE gains of 0.011 and 0.010
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WATER

Method [Crossformer]

(2023) [PatchTST] (2023)
Metric | MSE MAE | MSE MAE || MSE MAE | MSE MAE

‘ PatchTST ‘ WATER H Crossformer

—- 96 | 0.377 0.397 | 0.366 0.394 | 0.411 0.435 | 0.394 0.419
£ | 192 (0409 0425 | 0407 0419 || 0409 0438 | 0.404 0.430
E 336 | 0431 0.444 | 0.429 0.442 || 0433 0457 | 0425 0.451

720 | 0.457 0.477 | 0.455 0.475 | 0.501 0.514 | 0.486 0.501
- 96 | 0.274 0.337 | 0.274 0.337 || 0.728 0.603 | 0.722  0.607
£ 1920348 0.384 | 0344 0383 || 0.723 0.607 | 0.712  0.601
E 336 | 0.377 0.416 | 0.372 0.409 || 0.740 0.628 | 0.738  0.627

720 | 0.406 0.441 | 0.395 0.432 | 1.386 0.882 | 1.332 0.854
—| 96 | 0289 0.343 | 0.287 0.343 || 0.314 0367 | 0.319  0.362
E 192 | 0.329 0.368 | 0.326 0.367 || 0.374 0.410 | 0.360  0.400
E 336 | 0.362  0.390 | 0.358 0.387 || 0.413 0.432 | 0.398 0.427

720 | 0.413 0.423 | 0.412 0.420 || 0.753 0.613 | 0.720  0.582
« | 96 | 0165 0255 0163 0.254 || 0.296 0.391 | 0.282  0.378
E 192 1 0.221 0.293 | 0.221 0.292 || 0.369 0.416 | 0.325 0.392
E 336 | 0.276  0.327 | 0.271 0.333 || 0.588 0.600 | 0.498 0.510

720 | 0.362  0.381 | 0.361 0.381 || 0.750 0.612 | 0.750 0.612

Table 2: Forecasting comparisons of WATER across different back-
bones (PatchTST and Crossformer). The backbone of each WATER
variant is indicated below its name. The best results within each
backbone pair are in boldface.

over MoFo at horizon F' = 336 and horizon F' = 720, re-
spectively, with corresponding MAE improvements of 0.008
and 0.009, indicating that WATER provides increasingly ef-
fective corrections as the prediction horizon extends. The
result is consistent with the phenomena in our preliminary
studies where the perturbations can boost the performance
more significantly on longer prediction horizons. The reason
may be that perturbations at an appropriate level can drown
out minor local shifting patterns and make the overall time
series more stationary, where the local shifts may somehow
hinder the extraction of long-term global dependencies. In this
way, global temporal patterns are amplified and token repre-
sentations become more statistically consistent, enabling the
model to better capture long-range dependencies and leverage
global characteristics such as global trend and seasonality.

Generalization across Backbones

To examine the generalization of our WATER, we implement
our WATER using different transformer-based TSF backbones,
including PatchTST [Nie et al., 20231, Crossformer [Zhang
and Yan, 2023] and PDF [Dai et al., 2024]. We compare our
method across these backbones on 4 ETT datasets. The results
using PatchTST and Crossformer as backbones are presented
in Table 2 and results using PDF as backbone are presented
in Table 6 in Appendix. We can find that our WATER con-
sistently outperforms the corresponding backbones in most
settings, with particularly notable improvements on Cross-
former, demonstrating that our method can effectively enhance
diverse transformer architectures regardless of their underly-
ing design choices. These results indicate the effectiveness
and generalizability of our WATER as a lightweight plug-in
module.

WATER HeadO WATER Headl

MoFo HeadO

MoFo Headl

Figure 3: Token attention weights on dataset ETTh]l comparing
WATER and our backbone MoFo.

35 = GrpundTruth GrpundTruth 35 —— Grpundfruth
~—— |Prgdiction 14 Predictjon Predic
30
]
1 30)
= 25 12
b 25|
20
10
15| 20)
—100 —100 0 —100 0
(a) ETTh2 (b) ETTm1 (c) ETTm2

Figure 4: Visualization of forecasting results on 3 datasets.

Attention Visualization

To examine the effectiveness of our proposed second-order
difference maximization on token attention weights in our
WATER, we present the visualizations on attention token
weights of each self-attention head in Fig. 3. Comparing with
MoFo, i.e. the backbone of our WATER, the token attention
weights produced by our approach exhibit a clearer wave-like
pattern, along with a clearer diagonal correlation structures.
Moreover, the contrasts between higher and lower attention
weights are enhanced to some extent. The higher weights of
each token are more concentrated with its corresponding neigh-
bors and meanwhile the lower weights are slightly suppressed.
This indicate that our method can produce clearer and more
structural attentions, making it less sensitive to possible noisy
temporal patterns. Meanwhile, our WATER also mitigate the
extreme-token phenomena in “Head1”, further indicating that
our WATER is capable of capturing more accurate temporal
patterns to promote the forecasting performance.

Forecasting Visualization

We present the forecasting visualizations on ETTh2, ETTm1
and ETTm? in Fig. 4. We can find that our method can predict
sequences which fit the ground-truth trends and key fluctua-
tions well, and the predicted curves are smooth. This indicate
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Figure 5: Sensitivity analysis of the scaling parameter A in WATER across 8 benchmark datasets.
that our method can effectively capture the temporal patterns Method | Param. (M) FLOPs (B)  Peak GPU (MB) Epoch Time (s)
to produce accurate and stable forecasting, making it practical Crossformer | 3.8211509%  166.1119315% 106981435 10111050
in time series forecasting task. PatchTST | 2.621100.0%  644.9177587% 2972611370 21519750
e . Pathformer 5.72123870%  27.991240.4¢ 12754535.0¢ 61412970.0¢
Sensitivity on Scaling parameter \ iTransformer | 0.511207%  2.66155% 78810067 181100%
We examine the sensitivity of the scaling parameter A, which PDF 582005040 20801240035 561671500 25125 01
controls the weight of the our proposed second-order dif- " FM"F“ 0-306'2;“' “~869‘“'“’ 34581730 1811007
ference maximization regularization term. We vary it over oFo [our para] < 85 7L [0
WATER (ours) | 0.23 8.175 1,999 20

{le — 5,1e — 4,1e — 3,1e — 2,1e — 1} on all 8 datasets
and evaluate the forecasting performance. Results of 4 ETT
datasets are presented in Fig. 5 and full results of 8 datasets are
presented in Fig. 22 in Appendix. Overall speaking, WATER
demonstrates low sensitivity to A across all datasets, with both
MSE and MAE remaining relatively stable over the range
of values, indicating the robustness of our method. A slight
performance degradation is observed when A = 0 (i.e., the
regularization term is disabled) on several datasets such as
ETTh1 and Weather, indicating the effectiveness of the regu-
larization in guiding the noise learning process. Furthermore,
excessively large values (e.g., A = le—1) occasionally lead to
minor degradation, suggesting that an overly strong regulariza-
tion may interfere with the dominant forecasting objective. In
practice, we recommend setting A € {le—4, 1le=3} for stable
and consistent performance across diverse datasets.

Sensitivity on Historical Sequence Length L

We evaluate the sensitivity of our WATER to the the histori-
cal length by varying the it over {96, 336,512} on prediction
horizons {96, 192, 336, 720} and present the forecasting per-
formance of datasets Weather, Solar, Electricity and Traffic in
Fig. 23 in Appendix. Overall, we observe a consistent trend
that performance improves as'the historical length increases
across most settings and datasets. In particular, longer input
sequences generally lead to lower prediction errors, especially
for longer forecasting horizons, indicating that the model ben-
efits from richer temporal context. This suggests that WATER
is able to effectively leverage extended historical information
to capture more comprehensive and stable temporal dynamics.

Efficiency Analysis

We present computational efficiency comparisons on dataset
Solar of forecasting horizon 96 in Table 3, where we report
the amount of all learnable parameters requiring gradient de-
scent (Param.), floating point operations (FLOPs), peak GPU
memory usage (Peak GPU) and training time of one epoch
(Epoch Time). We compare the methods under the same time
series forecasting library TFB [Qiu et al., 2024] and same

Table 3: Efficiency comparison of WATER and baseline methods
on the Solar dataset with forecasting horizon F' = 96. All models
are evaluated under their optimal hyper-parameters. “MoFo [our
para]” denote the version using the same hyper-parameters as our
WATER. “M” denotes Million (10%), “B” denotes Billion (10°),
“MB” denotes Megabyte, “s” denotes Second. “”” and “|” denote
the relative percentage increase and decrease compared to WATER,
respectively.

environment. All results of each model are under the optimal
hyper-parameters for fair comparison. The results indicate
that our method introduces a small additional computational
cost compared to the baseline methods. While optimizing the
noise injection parameter may lead to slower convergence,
potentially requiring more training time. Overall, our method
maintains competitive computational efficiency against the
prevalent baseline TSF methods.

6 Conclusion

In this paper, we focus on investigating the effect of pertur-
bations to transformer-based TSF methods. Firstly, we con-
duct extensive preliminary studies to evaluate the stability of
transformer-based TSF methods over various types of noises.
We surprisingly find that applying noises at appropriate levels
can effectively promote the forecasting performance and make
the token attention weights wavy. Inspired by thie phenomena,
we propose a novel TSF method WATER which adaptively
perturbs the training data by Gaussian perturbations with zero
mean and a learnable standard deviation to control the pertur-
bation level. We optimize the standard deviation parameter by
maximizing the second-order differences of token attention
weights, which encourages each token to exhibit wave-like
attention patterns with locally high curvature. Empirical stud-
ies on 8 benchmark datasets indicates that our WATER can
outperform strong TSF baseline methods and induce attention
weights in wave-like patterns.
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