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Abstract

Time series forecasting, which aims to predict future values based on historical
data, has garnered significant attention due to its broad range of applications.
However, real-world time series often exhibit heterogeneous pattern evolution
across segments, such as seasonal variations, regime changes, or contextual shifts,
making accurate forecasting challenging. Existing approaches, which typically
train a single model to capture all these diverse patterns, often struggle with the
pattern drifts between patches and may lead to poor generalization. To address these
challenges, we propose TFPS, a novel architecture that leverages pattern-specific
experts for more accurate and adaptable time series forecasting. TFPS employs a
dual-domain encoder to capture both time-domain and frequency-domain features,
enabling a more comprehensive understanding of temporal dynamics. It then
performs subspace clustering to dynamically identify distinct patterns across data
segments. Finally, these patterns are modeled by specialized experts, allowing the
model to learn multiple predictive functions. Extensive experiments on real-world
datasets demonstrate that TFPS outperforms state-of-the-art methods, particularly
on datasets exhibiting significant distribution shifts. The data and code are available:
https://github.com/syrGitHub/TFPS,

1 Introduction

Time series forecasting plays a critical role in various domains, such as finance [18]], weather
[3 1631 124], traffic [35,22]], and others [59} 133 68]], by modeling the relationship between historical
data and future outcomes. However, the inherent complexity of time series data, including temporal
dependencies and non-stationarity, poses significant challenges in achieving reliable forecasts.

Recent Transformer-based models have shown great promise in time series forecasting due to their
ability to model long-range dependencies [29, 53]]. In particular, models like PatchTST [44] split
continuous time series into discrete patches and process them with Transformer blocks. While
these models are effective, a closer examination reveals that patches often exhibit distribution shifts,
which are frequently associated with concept drift [36]. For example, patches from different regimes,
seasons, or operating modes may not only differ in statistical properties [27]], but also in the functional
relationships between historical and future values [[60, 56]. However, this variability contradicts the
assumptions of most existing models [44} 169, 9], which adopt the Uniform Distribution Modeling
(UDM) strategy by treating all patches as samples from a single underlying distribution. This
oversimplified view ignores structural heterogeneity and temporal variation across segments, thereby
limiting the model’s ability to generalize and degrading its forecasting performance [43},25]].
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(a) Sudden drift (b) Gradual drift

Figure 1: Illustration of distribution shifts between time series patches on the ETThl dataset,
quantified by Wasserstein distance. The combined time- and frequency-domain views reveal richer
and more complementary shift patterns arising from temporal non-stationarity.

To quantify these distributional shifts, we split the ETTh1 dataset into patches and analyze two
representative cases: sudden drift and gradual drift, in both time and frequency domains. Specifically,
we compute the Wasserstein distance between patches and visualize the results as heatmaps in Figure[T]
which clearly illustrate the discrepancies across segments. Notably, sudden drift (Figure[T] (a)) leads
to a sharp discrepancy between patches 9 and 10 and the remaining segments, while gradual drift
(Figure[T] (b)) reveals that patches 0 to 5 differ from patches 6 to 11, exhibiting a progressive shift that
makes forecasting more challenging. Furthermore, the frequency domain offers a complementary
perspective on the shifts [42]. These observations highlight the complex and evolving nature of time
series data, where different segments may follow distinct distributions and exhibit heterogeneous
temporal patterns [53] [52].

To address the challenges posed by distribution shifts in time series data, we propose a novel
Time-Frequency Pattern-Specific (TFPS) architecture to effectively model the complex temporal
patterns. In particular, TFPS consists of the following three key components. The first is a Dual-
Domain Encoder (DDE), which extracts features from both time and frequency domains to provide a
comprehensive representation of the time series data, enabling the model to capture both short-term
and long-term dependencies. Second, TFPS addresses the issue of concept drift by incorporating a
Pattern Identifier (PI), that utilizes a subspace clustering approach to dynamically identify the distinct
patterns across patches. This enables the model to effectively handle nonlinear cluster boundaries
and accurately assign patches to their corresponding clusters. Finally, TFPS constructs a Mixture
of Pattern Experts (MoPE)—a set of specialized expert models, each tailored to a specific pattern
identified by the PI. By dynamically assigning patches to the appropriate experts, TFPS learns
pattern-specific predictive functions that effectively capture heterogeneous temporal dynamics and
distributional variations. This specialized modeling strategy enhances the model’s adaptability and
yields significant forecasting improvements, particularly on datasets with severe distributional drift.

In summary, the key contributions of this work are:

* We introduce a novel pattern-specific forecasting paradigm that enables segment-wise expert
modeling based on latent pattern structure, overcoming the limitations of uniform modeling
under distribution shift.

* We propose TFPS, a dual-domain framework that integrates time- and frequency-domain
representations with subspace clustering and dynamic expert routing, enabling the model to
explicitly adapt to concept drift and capture evolving patterns in non-stationary time series.

* We evaluate our approach on nine real-world multivariate time series datasets, demonstrating
its effectiveness. Our model achieves top-1 performance in 57 out of 72 settings, showcasing
its competitive edge in improving forecasting accuracy.



2 Related Work

Time Series Forecasting Models. In recent years, deep models with elaborately designed archi-
tectures have achieved great progress in time series forecasting [31} 167, 28, 45]. Approaches like
TimesNet [61] and ModernTCN [41] utilize convolutional neural networks with time-series-specific
modifications, making them better suited for forecasting tasks. Additionally, simpler architectures
such as Multi-Layer Perceptron (MLP)-based models [69, 18] have demonstrated competitive perfor-
mance. However, Transformer-based models have gained particular prominence due to their ability
to model long-term dependencies in time series [70} 162} (71 29]. Notably, PatchTST [44] has become
a widely adopted Transformer variant, introducing a channel-independent patching mechanism to
enhance temporal representations. This approach has been further extended by subsequent models
[29] 9].

While previous work has primarily focused on capturing nonlinear dependencies in time series
through enhanced model structures, our approach addresses the distribution shifts caused by evolving
patterns within the data, which is a key limitation of existing methods.

Non-stationary Time Series Forecasting. Non-stationarity in time series data complicate predictive
modeling, necessitating effective solutions to handle shifting distributions [36, [11]. To address
varying distributions, normalization techniques have emerged as a focal point in recent research,
aiming to mitigate non-stationary elements and align data with a consistent distribution.

For instance, adaptive norm [46] applies z-score normalization using global statistics and DAIN [47]
introduces a neural layer for adaptively normalizing each input instance. Reversible instance normal-
ization (RevIN) [20]] is proposed to alleviate series shift. Furthermore, Non-stationary transformer
[31] points that directly stationarizing time series will damage the model’s capability to capture spe-
cific temporal dependencies and introduces an innovative de-stationary attention mechanism within
self-attention frameworks. Recent advancement include Dish-TS [10], which identifies both intra-
and inter-space distribution shifts in time series data, and SAN [34], which applies normalization at
the slice level, thus opening new avenues for handling non-stationary time series data. Lastly, SIN
[L7] introduces a novel method to selecting the statistics and learning normalization transformations
to capture local invariance in time series data.

However, normalization methods can only address changes in statistical properties, and over-reliance
on them may lead to over-stationarization, where meaningful temporal variations are inadvertently
smoothed out [34]. In contrast, our approach preserves the intrinsic non-stationarity of the original
series in the latent representation space, enabling the model to better adapt to evolving regimes by
tailoring experts to diverse temporal patterns and distributional structures.

3 Method

3.1 Preliminaries

Time series forecasting aims to uncover relationships between historical time series data and future
data. Let X denote the time series, and x; represent the value at timestep t. Given the historical
time series data X = [z4_r41, - , 2] € RLXC where L is the length of the look-back window
and C > 1 is the number of features in each timestep, the objective is to predict the future series
Y = [x441, - ,2erH] € RHXC where H is the forecast horizon.

3.2 Overall Architecture

Our model introduces three novel components: the Dual-Domain Encoder (DDE), the Pattern
Identifier (PI), and the Mixture of Pattern Experts (MoPE), as illustrated in Figure 2] The DDE goes
beyond traditional time-domain encoding by incorporating a frequency encoder that applies Fourier
analysis, transforming time series data into the frequency domain. This enables the model to capture
periodic patterns and frequency-specific features, providing a more comprehensive understanding
of the data. The PI is a clustering-based module that distinguishes patches with distinct patterns,
effectively addressing the variability in the data. MoPE then utilizes multiple MLP-based experts,
each dedicated to modeling a specific pattern, thereby enhancing the model’s ability to adapt to the
temporal dynamics of time series. Collectively, these components form a cohesive framework that
effectively handles concept drift between patches, leading to more accurate time series forecasting.
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Figure 2: The structure of our proposed TFPS. The input time series is divided into patches, and
positional embeddings are added. These embeddings are processed through two branches: time-
domain branch and frequency-domain branch. Each branch consists of three key components: (1) an
encoder to capture patch-wise features, (2) a clustering mechanism to identify patches with similar
patterns, and (3) a mixture of pattern experts block to model the patterns of each cluster. Finally, the
outputs from both branches are combined for the final prediction.

3.3 Embedding Layer

Firstly, the input sequence X € RI*C is divided into patches of length P, resulting in N =
L@ + 2] tokens, where S denotes the stride, defining the non-overlapping region between

consecutive patches. Each patch is denoted as P; € RE*F. These patches are then projected into a
new dimension D, via a linear transformation, such that, P, — Pi’ e RExD,

Next, positional embeddings are added to each patch to preserve the temporal ordering disrupted dur-
ing the segmentation process. The position embedding for the ¢-th patch, denoted as F;, is a vector of
the same dimension as the projected patch. The enhanced patch is computed by summing the original
patch and its positional embedding: Xpp, = P/ + F;, and Xpg = {Xpg,, XPE,, s XPEN |-
Notably, the positional embeddings are learnable parameters, which enables the model to capture
the temporal dependencies in the time series more effectively. As a result, the final enriched patch
representations are X pp € REXN*D,

3.4 Dual-Domain Encoder

As shown in Figure [T} both time and frequency domains reveal distinct concept drifts that can
significantly affect the performance of forecasting models. To effectively address these drifts, we
propose a Dual-Domain Encoder (DDE) architecture that captures both temporal and frequency
dependencies inherent in time series data.

We utilize the patch-based Transformer [44] as an encoder to extract embeddings for each patch,

capturing the global trend feature. The multi-head attention is employed to obtain the attention output
Ot S RNXDZ

. QKT
O, = Attention(Q, K, V') = Softmax V,
Vg (H
Q=XpeWqg, K=XppgWg, V=XpgWy.

The encoder block also incorporates BatchNorm layers and a feed-forward network with residual
connections, as shown in Figure (b). This process generates the temporal features z, € RE*N*D,

In parallel with the time encoder, we incorporate a Frequency Encoder by replacing the self-attention
sublayer of the Transformer with a Fourier sublayer [26]. This sublayer applies a 2D Fast Fourier
Transform (the number of patches, hidden dimension) to the patch representation, expressed as:

Of = ]:patch(]:h(XPE»- (2)
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Figure 3: Illustration of the proposed Pattern Identifier and Mixture of Pattern Experts. The embedded
representation z from DDE combines with subspace D to construct the subspace affinity vector,

which yields the normalized subspace affinity S. Subsequently, the refined subspace affinity S
is computed from S to provide self-supervised information. Then, we assign the corresponding
patch-wise experts to the embedded representation z according to S for modeling.

We only keep the real part of the result, and hence, we do not modify the feed-forward layers in the
Transformer. The structure of the Frequency Encoder is depicted in Figure|2|(c), yielding frequency
features zp € RN D,

By modeling data in both the time and frequency domains, the DDE provides a more comprehensive
understanding of temporal patterns, enabling the model to effectively handle complexities such as
concept drift and evolving dynamics. This dual-domain perspective enhances the model’s robustness
and predictive accuracy, offering a versatile foundation for real-world time series forecasting.

3.5 Pattern Identifier

To address the complex and evolving patterns in time series data, we introduce a novel Pattern
Identifier (PT) module, an essential innovation within our framework. Unlike traditional approaches
that treat the entire time series uniformly, our PI module dynamically classifies patches based on their
distributional characteristics, enabling a more precise and adaptive modeling strategy.

The core of our approach lies in leveraging subspace clustering to detect concept shifts across multiple
subspaces, as illustrated in Figure 3] The PI module plays a central role by directly analyzing the
intrinsic properties of each patch and clustering them into distinct groups based on their latent patterns.
In the time domain, PI enables TFPS to identify shifts in temporal characteristics such as seasonality
and trends. In the frequency domain, it captures shifts associated with frequency-specific structures,
like periodic behaviors and spectral changes, providing a comprehensive perspective on evolving
patterns throughout the series.

To provide clarity, Figure [3] showcases an application of the PI module exclusively within the
time domain. However, the insights and methodology seamlessly extend to the frequency domain,
presenting a unified solution to the challenge of concept shifts.

The PI module iteratively refines subspace bases, which in turn improve representation learning and
enable more accurate modeling of evolving patterns. It operates through the following three steps.

Construction of Subspace Bases. We define a new variable D = [D(), D®) ... D] to

represent the bases of K subspaces, where D consists of K blocks, each D) ¢ R2%4, Dq(f ) H =

lL,bu=1,---d,j=1,---, K. To control the column sizes of D, we impose the following constraint:
17 2

Ry =3 |[D'DOI-T|;, 3)

where ® denotes the Hadamard product, and I is an identity matrix of size Kd x Kd.



Subspaces Differentiation. To ensure the dissimilarity between different subspaces, we introduce
the second constraint:

Ry

1 ; 2
ool e
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- !p™pool?,

where O is a matrix with all off-diagonal d-size blocks set to 1 and diagonal blocks set to O.
Combining R; and R, yields the regularization term for R:

R= Oz(R1 + Rz), 5)

where « is a tuning parameters, fixed at 10~2 in this work.

Subspace Affinity and Refinement. We propose a novel subspace affinity measure S to assess
the relationship between the embedded representation z from DDE and the subspace bases D. The
affinity s;;, representing the probability that the embedded z; belongs to the j-th subspace, is defined
as:

_ DO 4
55 ([ DD [ + nd)

where 7 is a parameter controlling the smoothness, fixed to the same value as d. To emphasize more
confident assignments, we introduce a refined subspace affinity $;;:

G — Szzg/zz Sij
Y E](sgj/z:l sij)

This refinement sharpens the clustering by weighting high-confidence assignments more. The
subspace clustering objective based on the Kullback-Leibler divergence is:

(6

ij
)

~ . §7,
Lsup = KL(S || S) = Z Z sijlogs—_]_. (8)
i g K

The clustering loss is defined as:
EPI =R+ Bﬁsuba (9)

where (3 is a hyperparameter balancing the regularization and subspace clustering terms. A detailed
sensitivity analysis of o and 3 is presented in Appendix[J}

3.6 Mixture of Pattern Experts

Traditional time series forecasting methods often rely on a uniform distribution modeling (UDM)
approach, which struggles to adapt to the complexities of diverse and evolving patterns in real-world
data. To address this limitation, we introduce the Mixture of Pattern Experts module (MoPE), which
assigns specialized experts to patches based on their unique underlying patterns, enabling more
precise and adaptive forecasting.

Given the cluster assignments s obtained from the PI module, we apply the Patch-wise MoPE to the
feature tensor z € RC*~N*D_ The MoPE module consists of the following key components:

Gating Network. The gating network G calculates the gating weights for each expert based on the
cluster assignment s and selects the top k experts. The gating weights are computed as:

G(s) = Softmax(TopK(s)). (10)

Here, the top k£ logits are selected and normalized using the Softmax function to produce the gating
weights.

Expert Networks. The MoPE contains K expert networks, denoted as F1, ..., Ex. Each expert
network is modeled as an MLP consisting of two linear layers and a ReLU activation. Given a
patch-wise feature z, each expert network E processes the input to generate its respective output.



Output Aggregation. The final output i of the MoPE module is a weighted sum of the outputs from
all the selected experts, with the weights provided by the gating network:

hzz:G(s)Ek(z). (11)
k=1

After the frequency branch is processed by the inverse Fast Fourier transform, the time-frequency
outputs h; and h, are concatenated to form h = concat(hy, hy) € REXN 2D,

Finally, a linear transformation is applied to the disentangled and pattern-specific representations h to
generate the prediction: Y = Linear(h) € RA*¢,

This approach ensures that the MoPE dynamically assigns and aggregates contributions from various
experts based on evolving patterns, improving the model’s adaptability and accuracy.

3.7 Loss Function

Following [44], we use the Mean Squared Error (MSE) loss to quantify the discrepancy between
predicted values Y and ground truth values Y: Lyrsp = (Y — Y)Q. In addition to the MSE loss, we
incorporate the clustering regularization loss from the PI module, yielding the final loss function:

L=Lyse+ Lpr, +Lpr,. (12)

This combined loss ensures that the model not only minimizes forecasting errors but also accurately
identifies and maintains the integrity of pattern clusters across time. The algorithm is provided in the

Appendix [
4 Experiments

4.1 Experimental Setup

Datasets and Baselines. We conducted our experiments on nine publicly available real-world
multivariate time series datasets, i.e., ETT (ETTh1, ETTh2, ETTm1, ETTm?2), Exchange, Weather,
Electricity, Traffic, and ILI. These datasets are provided in [62] for time series forecasting. More
details about these datasets are included in Appendix [A]

We employed a diverse set of state-of-the-art forecasting models as baselines, categorized based on
the type of information they utilize as follows. (1) Time-domain methods: PatchTST [44], DLinear
[69], TimesNet [61]] and iTransformer [29]]; (2) Frequency-domain methods: FEDformer [71] and
FITS [64]; (3) Time-frequency methods: TFDNet-IK [42] and TSLANet [9]. We rerun all the
experiments with codes provided by their official implementation.

In addition, we compare TFPS with recent foundation models, including AutoTimes [30], Moment
[16], and Timer [32]. We rerun all experiments for a fair comparison: AutoTimes is reproduced using
its official implementation, while Moment and Timer are evaluated based on the OpenL.TM [32].

We further include comparisons with normalization techniques, MoE-based architectures, and meth-
ods designed to address distribution shifts. Comprehensive results are presented in Appendix [G]

Experiments Details. Following previous works [44]], we used ADAM [21] as the default opti-
mizer across all the experiments. We employed the MSE and mean absolute error (MAE) as the
evaluation metrics, where lower values indicate better performance. A detailed explanation is pro-
vided in Appendix |[E| TFPS was implemented by PyTorch [48] and trained on a single NVIDIA
RTX 3090 24GB GPU. We conducted grid search to optimize the following three parameters, i.e.,
learning rate = {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05}, the number of experts in the time domain
Ky = {1,2,4,8}, and the number of experts in the frequency domain K = {1,2,4,8}.

4.2 Overall Performance Comparison

Table[T] highlights the consistent superiority of TFPS across multiple datasets and prediction horizons,
securing the top performance in 57 out of 72 experimental configurations. In particular, TFPS
demonstrates significant improvements over time-domain methods, with an overall improvement of



Table 1: Multivariate long-term forecasting results with prediction lengths H € {24, 36, 48,60} for
ILI and H € {96, 192,336,720} for others. The input lengths are L = 104 for ILI and L = 96 for
others. The best results are highlighted in bold and the second best are underlined.

Model IMP. TFPS TSLANet FITS iTransformer | TFDNet-IK PatchTST TimesNet DLinear FEDformer
ode ! (Our) (2024) (2024) (2024) (2023) (2023) (2023) (2023) (2022)
Metric ‘ MSE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE ‘ MSE MAE
_ 96 | -1.1% | 0.398 0.413 | 0.387 0.405 | 0.395 0.403 | 0.387 0.405 | 0.396 0.409 | 0.413 0.419 | 0.389 0.412 | 0.398 0.410 | 0.385 0.425
S 192 | 4.8% | 0.423 0.423 | 0.448 0.436 | 0.445 0432|0441 0436 | 0.451 0.441 | 0.460 0.445 | 0.441 0.442 | 0434 0.427 | 0.441 0.461
E 336 | 1.8% | 0.484 0.461 | 0.491 0.487 | 0.489 0.463 | 0.491 0.463 | 0.495 0.462 | 0.497 0.463 | 0.491 0.467 | 0.499 0.477 | 0.491 0.473

720 | 3.0% | 0.488 0.476 | 0.505 0.486 | 0.496 0.485 | 0.509 0.494 | 0.492 0.482 | 0.501 0.486 | 0.512 0.491 | 0.508 0.503 | 0.501 0.499
o 96| -20% | 0313 0355 0.290 0.345 | 0.295 0.344 | 0.301 0.350 | 0.289 0.337 | 0.299 0.348 | 0.324 0.368 | 0.315 0.374 | 0.342 0.383
= 192] -29% | 0.405 0.410 | 0.362 0.391 | 0.382 0.396 | 0.380 0.399 | 0.379 0.395 | 0.383 0.398 | 0.393 0.410 | 0.432 0.447 | 0.434 0.440
E 336 | 10.5% | 0.392 0.415 | 0.401 0.419 | 0.416 0.425 | 0.424 0.432 | 0.416 0.422 | 0.424 0.431 | 0.429 0.437 | 0.486 0.481 | 0.512 0.497

720 | 12.6% | 0.410 0.433 | 0.419 0.439 | 0418 0.437 | 0.430 0.447 | 0.424 0.441 | 0.429 0.445 | 0.433 0.448 | 0.732 0.614 | 0.467 0.476
— 96 | 41% | 0.327 0.367 | 0.329 0.368 | 0.354 0.375 | 0.342 0.377 | 0.331 0.369 | 0.331 0.370 | 0.337 0.377 | 0.346 0.374 | 0.360 0.406
E 192 | 2.6% | 0.374 0.395| 0.376 0.383 | 0.392 0.393 | 0.383 0.396 | 0.376 0.381 | 0.374 0.395 | 0.395 0.406 | 0.382 0.392 | 0.395 0.427
E 336 | 4.2% | 0.401 0.408 | 0.403 0.414 | 0.425 0415|0418 0.418 | 0.405 0.410 | 0.402 0.412 | 0.433 0.432 | 0.414 0.414 | 0.448 0.458

720 | -0.7% | 0.479 0.456 | 0.445 0.438 | 0.486 0.449 | 0.487 0.457 | 0.471 0.437 | 0.466 0.446 | 0.484 0.458 | 0.478 0.455 | 0.491 0.479
~ 96 | 69% | 0.170 0.255| 0.179 0.261 | 0.183 0.266 | 0.186 0.272 | 0.176 0.267 | 0.177 0.260 | 0.182 0.262 | 0.184 0.276 | 0.193 0.285
E 192 | 7.1% | 0.235 0.296 | 0.243 0.303 | 0.247 0.305 | 0.254 0.314 | 0.245 0.302 | 0.248 0.306 | 0.252 0.307 | 0.282 0.357 | 0.256 0.324
E 336 | 4.6% |0.297 0.335| 0.308 0.345 | 0.307 0.342 | 0.316 0.351 | 0.303 0.340 | 0.303 0.341 | 0.312 0.346 | 0.324 0.364 | 0.321 0.364

720 | 3.6% | 0.401 0.397 | 0.403 0.400 | 0.407 0.401 | 0.414 0.407 | 0.405 0.399 | 0.405 0.403 | 0.417 0.404 | 0.441 0.454 | 0.434 0.426
2 96 | 12.7% | 0.083 0.205 | 0.085 0.206 | 0.088 0.210 | 0.086 0.206 | 0.084 0.205 | 0.089 0.206 | 0.105 0.233 | 0.089 0.219 | 0.136 0.265
E 192 | 112% | 0.174 0.297 | 0.178 0.300 | 0.181 0.304 | 0.181 0.304 | 0.176 0.299 | 0.178 0.302 | 0.219 0.342 | 0.180 0.319 | 0.279 0.384
g 336 | 104% | 0.310 0.398 | 0.329 0.415|0.324 0413 | 0338 0422 | 0321 0409 | 0.326 0.411 | 0.353 0433 | 0.313 0.423 | 0465 0.504
=720 | -13.3% | 1.011 0.756 | 0.850 0.693 | 0.846 0.696 | 0.853 0.696 | 0.835 0.689 | 0.840 0.690 | 0.912 0.724 | 0.837 0.690 | 1.169 0.826
5 96 | 15.6% | 0.154 0.202 | 0.176 0216 | 0.167 0214 | 0.176 0.216 | 0.165 0.209 | 0.177 0.219 | 0.168 0.218 | 0.197 0.257 | 0.236 0.325
g 192 | 10.6% | 0.205 0.249 | 0.226 0.258 | 0.215 0.257 | 0.225 0.257 | 0.214 0.252 | 0.225 0.259 | 0.226 0.267 | 0.237 0.294 | 0.268 0.337
é) 336 | 9.1% | 0.262 0.289 | 0.279 0.299 | 0.270 0.299 | 0.281 0.299 | 0.267 0.298 | 0.278 0.298 | 0.283 0.305 | 0.283 0.332 | 0.366 0.402

720 | 4.1% | 0.344 0.342 | 0.355 0.355 | 0.347 0.345 | 0.358 0.350 | 0.347 0.346 | 0.351 0.346 | 0.355 0.353 | 0.347 0.382 | 0.407 0.422
2 96 | 14.6% | 0.149 0.236 | 0.155 0.249 | 0.200 0.278 | 0.151 0.241 | 0.171 0.254 | 0.166 0.252 | 0.168 0.272 | 0.195 0.277 | 0.189 0.304
§ 192 | 12.0% | 0.162 0.253 | 0.170 0.264 | 0.200 0.281 | 0.167 0.258 | 0.189 0.269 | 0.174 0.261 | 0.186 0.289 | 0.194 0.281 | 0.198 0.312
8 33| 02% |0.200 0310 |0.197 0282 ]0.214 0295 |0.179 0.271 | 0.205 0.284 | 0.190 0.277 | 0.197 0.298 | 0.207 0.296 | 0.212 0.326
=720 | 7.2% | 0.220 0.320 | 0.224 0.318 | 0.256 0.328 | 0.229 0.319 | 0.247 0.318 | 0.230 0.312 | 0.225 0.322 | 0.243 0.330 | 0.242 0.351
o, 96| 21.1% | 0.427 0.296 | 0475 0.307 | 0.651 0.388 | 0.428 0.295 | 0.519 0.314 | 0.446 0.284 | 0.586 0.316 | 0.650 0.397 | 0.575 0.357
E 192 | 17.7% | 0.445 0.298 | 0.478 0.306 | 0.603 0.364 | 0.448 0.302 | 0.513 0.314 | 0453 0.285 | 0.618 0.323 | 0.600 0.372 | 0.613 0.381
E 336 | 17.0% | 0.459 0.307 | 0.494 0.312 | 0.610 0.366 | 0.465 0.311 | 0.525 0.319 | 0.467 0.291 | 0.634 0.337 | 0.606 0.374 | 0.622 0.380

720 | 15.1% | 0.496 0.313 | 0.528 0.331 | 0.648 0.387 | 0.501 0.333 | 0.561 0.336 | 0.501 0.492 | 0.659 0.349 | 0.646 0.396 | 0.630 0.383

24 | 40.9% | 1.349 0.760 | 1.749 0.898 | 3.489 1.373 | 2.443 1.078 | 1.824 0.824 | 1.614 0.835 | 1.699 0.871 | 2.239 1.041 | 3.217 1.246
= 36 | 43.6% | 1.239 0.752| 1.754 0912 | 3.530 1.370 | 2.455 1.086 | 1.699 0.813 | 1475 0.859 | 1.733 0913 | 2238 1.049 | 2.688 1.074
= 48 | 40.4% | 1.461 0.801 | 2.050 0.984 | 3.671 1.391 | 3.437 1.331 | 1.762 0.831 | 1.642 0.880 | 2.272 0.999 | 2.252 1.064 | 2.540 1.057

60 | 39.8% | 1.458 0.836 | 2.240 1.039 | 4.030 1.462 | 2.734 1.155 | 1.758 0.863 | 1.608 0.885 | 1.998 0.974 | 2.236 1.057 | 2.782 1.136

I“Count | 57 | 3 1 3 6 1 0 0 1

Table 2: Ablation study of TFPS components. The model variants in our ablation study include the
following configurations across both time and frequency branches: (a) inclusion of the encoder, PI
and MoPE; (b) PI replaced with Linear; (c) only the encoder. The best results are in bold.

Time Branch | Frequency Branch | ETTh1 | ETTh2
Encoder PI MOoPE | Encoder PI MoPE | 96 192 336 720 | 96 192 336 720
v v v ‘ v v v ‘ 0.398 0.423 0.484 0.488 ‘ 0.313 0405 0.392 0.410
v 0401 0459 0486 0492 | 0318 0409 0400 0428
5 Linear v 0.401 0.451 0494 0.509 | 0.325 0411 0400 0.434

v v 0.455 0.507 0.539 0.576 | 0.324 0.407 0.417 0.436
Linear v 0.503 0.535 0.558 0.583 | 0.398 0.446 0.457 0.444
0.552 0.583 0.591 0.594 | 0.371 0.426 0.418 0.463

ENENEN

0.414 0460 0.501 0.500 | 0.339 0.411 0426 0.431

9.5% in MSE and 6.4% in MAE. Compared to frequency-domain methods, TFPS shows even more
pronounced enhancements, with MSE improved by 16.9% and MAE by 12.4%.

While the time-frequency methods like TSLANet and TFDNet perform competitively on several
datasets, TFPS still outperforms them, showing improvement of 5.2% in MSE and 2.2% in MAE.
These substantial improvements can be attributed to the integration of both time- and frequency-
domain information, combined with our innovative approach to modeling distinct patterns with
specialized experts. By addressing the underlying concept shifts and capturing complex, evolving
patterns in time series data, TFPS achieves more accurate predictions than other baselines.



Table 3: Compared with foundation models. ~ Table 4: Compared with normalization methods.

Model ‘ T™P. ‘ ons Autelimes | Moment mer Model | mvp. | TEPS | DLinear

Mctric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | | | SIN SAN Dish-TS RevIN
ETThl 0.2% | 0.401 0.412 | 0396 0.428 | 0.415 0439 | 0.394 0417 ETThl 1.5% | 0.448 | 0.454 0.456 0.461 0.451
ETTh2 | 109% | 0.335 0.386 | 0363 0406 | 0.381 0412 | 0382 0.418 ETTh2 | 2.4% | 0.380 | 0386 0388 0392 0390
ETTml | 24% | 0343 0374 | 0.364 0389 | 0348 0386 | 0344 0.378 ETTml | 23% | 0.395 | 0.405 0399 0406 0409

ETTm2 | 7.3% | 0248 0308 | 0273 0327 | 0265 0325 | 0264 0321 2.7
Traffic | -3.6% | 0398 0268 | 0.379 0.265 | 0395 0273 | 0379 0.255 ETTm2 | 3.3% | 0.276 | 0283 0.280 0293  0.284

Electricity | 3.7% | 0.159 0.249 | 0.168 0.261 | 0.163 0.263 | 0.165 0.258 Weather | 5.3% | 0.241 | 0.253 0.249 0.263 0.254

4.3 Ablation Study

Table 2] presents the MSE results of TFPS and its variants with different combinations of encoders,
PI, and MoPE. 1) Best Result. The full TFPS model, i.e., both the time and frequency branches,
along with their respective encoders, PI, and MoPE are included, performs the best across all the
forecast horizons for both datasets. 2) Linear vs. P1. We replace PI with a linear layer and find that it
generally results in higher MSE in most cases, indicating that accurately capturing specific patterns
is crucial. 3) Impact of Pattern-aware Modeling. Additionally, when comparing the results with
the encoder-only configuration, two variants with MoPE in each branch achieved improved MSE,
further supporting the necessity of patter-aware modeling. 4) Importance of DDE. Furthermore, we
find that both the time encoder and frequency encoder alone yield worse performance, with the time
encoder playing a more significant role. In summary, incorporating both branches with PI and MoPE
provides the best performance, while simpler configurations result in higher MSE. See Appendix [K]
for an in-depth analysis of each component’s contribution.

4.4 Comparsion with Foundation Models

To ensure a fair comparison with foundation models, we searched input lengths among 96, 192, 336,
and 512. The average results across all forecasting lengths are included in Table [3] with detailed
results provided in Appendix [F2] As shown in Table 3] TFPS consistently outperforms recent
foundation models. Notably, on challenging datasets such as ETTh2 and ETTm?2, TFPS achieves
substantial improvements in MSE by 10.9% and 7.3%, respectively. Although TFPS performs slightly
worse on the Traffic dataset, we attribute this to the relatively mild distribution shift observed in
Traffic (see Table 5], which may reduce the benefit of our pattern-specific modeling. These results
suggest that TFPS not only matches but often surpasses large-scale foundation models in forecasting
accuracy, benefiting from its expert-based design that explicitly captures distributional heterogeneity.

4.5 Comparsion with Normalization Methods

Normalization methods can reduce fluctuations to enhance performance and are widely used for
non-stationary time series forecasting [[17, 134} [10} 31} 20]. We compare our TFPS with these state-of-
the-art normalization methods and Table ] presents the average MSE across all forecasting lengths for
each dataset. While normalization improves stability by enforcing distributional consistency, TFPS
retains the intrinsic non-stationarity and models diverse patterns through distribution-specific experts,
achieving better adaptability and forecasting accuracy. Detailed results are provided in Appendix [G.1]

4.6 Visualization

We visualize the prediction curves for ETTh1 with H = 192. Given that DLinear exhibits competitive
performance in Table[I} we compare its results with those of TFPS in Figure ] under two scenarios:
(a) sudden drift caused by external factors or random events, and (b) gradual drift where the trend is
dominant. It is evident that DLinear struggles to achieve accurate predictions in both scenarios. In
contrast, our TFPS consistently produces accurate forecasts despite these challenges, demonstrating
its robustness in dealing with various concept dynamics.

4.7 Analysis of Experts

Qualitative Visualizations of Pattern Identifier. Through training, pattern experts in MoPE
spontaneously specialize, and we present two examples in Figure[5] We visualize the expert with the
highest score as the routed expert for each instance pair. In the provided examples, we observe that
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specializes in downward trends, while Expert-4 when H = 96. Further analysis of expert be-
focuses on parabolic trends. havior is provided in Appendix El

expert-0 specialize in downward-related concepts, while expert-4 focuses on parabolic trend. These
examples also demonstrate the interpretability of MoPE.

Number of Experts. In Figure[6] we set the learning rate to 0.0001 and conducted four sets of
experiments on the ETTh1 and Weather datasets, K; = 1, Ky = {1, 2,4, 8}, to explore the effect of
the number of frequency experts on the results. For example, K; 1K ;4 means that the TFPS contains
1 time experts and 4 frequency experts. We observed that K;1K ;2 outperformed K;1K ¢4 in both
cases, suggesting that increasing the number of experts does not always lead to better performance.

In addition, we conducted three experiments based on the optimal number of frequency experts to
verify the impact of varying the number of time experts on the results. As shown in Figure[6] the
best results for ETTh] were obtained with K;4K 2, while for Weather, the optimal results were
achieved with K4 K ;8. Combined with the average Wasserstein distance in Table [5} we attribute
this to the fact that, in cases where concept drift is more severe, such as Weather, more experts are
needed, whereas fewer experts are sufficient when the drift is less severe.

5 Conclusion

In this paper, we propose a novel pattern-aware time series forecasting framework, TFPS, which
incorporates a dual-domain mixture of pattern experts approach. Our TFPS framework aims to
address the distribution shift across time series patches and effectively assigns pattern-specific experts
to model them. Experimental results across eight diverse datasets demonstrate that TFPS surpasses
state-of-the-art methods in both quantitative metrics and visualizations. Future work will focus on
investigating evolving distribution shifts, particularly those introduced by the emergence of new
patterns, such as unforeseen epidemics or outbreaks.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims in the abstract and introduction accurately reflect the contribu-
tions and scope of the paper. They are supported by the proposed methodology, theoretical
motivation, and extensive empirical results across diverse datasets.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper discusses the limitations of the proposed method in Section [N}
including its assumptions about fixed patch length and potential challenges under evolving
distributions.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides sufficient details regarding the model architecture, training
settings, data preprocessing, and evaluation metrics, enabling reproduction of the main
experimental results and verification of the core claims.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The source code is included in the supplementary materials to facilitate
reproducibility and further research.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Training and testing details are described in Appendix [A] The hyperparameter
search ranges and sensitivity analysis are provided in Appendix I}

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper provides sufficient details on the computational resources used,
including the type of GPU, memory, and training time, in Section This information
allows readers to estimate the resources required for reproduction.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have read the NeurIPS Code of Ethics, and we are certain that the paper
conform to it.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses both potential positive and negative societal impacts of
the proposed method in Appendix

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All external assets used in the paper, including datasets and code, are properly
credited. Their licenses and terms of use are explicitly acknowledged and respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The new assets introduced in this paper, including the implementation code
and model components, are well documented. Documentation is provided alongside the
code in the supplementary materials.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,

or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Dataset

We evaluate the performance of TFPS on eight widely used datasets, including four ETT datasets
(ETTh1, ETTh2, ETTm1 and ETTm?2), Exchange, Weather, Electricity, and ILI. This subsection
provides a summary of the datasets:

. ETTE] [70]] (Electricity Transformer Temperature) dataset contains two electric transformers,
ETT1 and ETT2, collected from two separate counties. Each of them has two versions of
sampling resolutions (15min & 1h). Thus, there are four ETT datasets: ETTm1, ETTm2,
ETThl1, and ETTh2.

. Exchange-RateE] [23] the exchange-rate dataset contains the daily exchange rates of eight
foreign countries including Australia, British, Canada, Switzerland, China, Japan, New
Zealand, and Singapore ranging from 1990 to 2016.

. WeatherE] [62] dataset contains 21 meteorological indicators in Germany, such as humidity
and air temperature.

. ElectricityE] [62] is a dataset that describes 321 customers’ hourly electricity consumption.

. Trafﬁcﬂ [62] is a dataset featuring hourly road occupancy rates from 862 sensors along the
freeways in the San Francisco Bay area.

. ILI[Z] [62] dataset collects the number of patients and influenza-like illness ratio in a weekly
frequency.

For the data split, we follow [69] and split the data into training, validation, and testing by a ratio of
6:2:2 for the ETT datasets and 7:1:2 for the others. Details are shown in Table[5] The best parameters
are selected based on the lowest validation loss and then applied to the test set for performance
evaluation. The data and codes are available: https://github.com/syrGitHub/TFPS|

Table 5: The statistics of the datasets.

Average Wasserstein ©  Average Wasserstein”

Datasets Variates  Prediction Length ~ Timesteps Granularity (Time Domain) (Frequency Domain)
ETThl 7 {96, 192, 336, 720} 17,420 1 hour 9.268 11.561
ETTh2 7 {96, 192, 336, 720} 17,420 1 hour 13.221 18.970
ETTml 7 {96, 192, 336, 720} 69,680 15 min 9.336 10.660
ETTm2 7 {96, 192, 336, 720} 69,680 15 min 13.606 16.574
Exchange-Rate 8 {96, 192, 336, 720} 7,588 1 day 0.132 0.144
Weather 21 {96, 192, 336, 720} 52,696 10 min 39.742 77.422
Electricity 321 {96, 192, 336, 720} 26,304 1 hour 520.162 1018.311
Traffic 862 {96, 192, 336,720} 17,451 1 hour 0.011 0.028
ILI 7 {24, 36, 48, 60} 966 1 week 258881.714 381377.494

* A large Wasserstein indicates a more severe drift.

B Related Work

Deep learning has achieved remarkable success across diverse domains such as computer vision
[114] 38} 39, 140l 1371, natural language processing [58, 6], and multi-modality [[13}[15], and has also
advanced the state of the art in time series modeling [56! [19]].

The Combination of Time and Frequency Domains. Time-domain models excel at capturing
sequential trends, while frequency-domain models are essential for identifying periodic and oscillatory
patterns. Recent research has increasingly emphasized integrating information from both domains to
better interpret underlying patterns. For instance, ATFN [66] demonstrates the advantage of frequency
domain methods for forecasting strongly periodic time series through a time—frequency adaptive

"https://github.com/zhouhaoyi/ETDataset
*https://github.com/laiguokun/multivariate-time-series-data
*https://www.bgc- jena.mpg.de/wetter/
https://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014
http://pems.dot.ca.gov
"https://gis.cdc.gov/grasp/fluview/fluportaldashboard. html
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network. TFDNet [42]] adopts a branching structure to capture long-term latent patterns and temporal
periodicity from both domains. Similarly, JTFT [4] utilizes the frequency domain representation to
extract multi-scale dependencies while enhancing local relationships modeling through time domain
representation. TFMRN [65] expands data in both domains to capture finer details that may not be
evident in the original data. Recently, TSLANet [9] leverages Fourier analysis to enhance feature
representation and capture both long-term and short-term interactions.

Building on these approaches, our proposed method, TFPS, introduces a novel Dual-Domain Encoder
that effectively combines time and frequency domain information to capture both trend and periodic
patterns. By integrating time-frequency features, TFPS significantly advances the field in addressing
the complexities inherent in time series forecasting.

Mixture-of-Experts. Mixture-of-Experts (MoE) models have gained attention for their ability to
scale efficiently by activating only a subset of experts for each input, as first introduced by [57]].
Despite their success, challenges such as training instability, expert redundancy, and limited expert
specialization have been identified [S0, 5)]. These issues hinder the full potential of MoE models in
real-world tasks.

Recent advances have integrated MoE with Transformers to improve scalability and efficiency. For
example, GLaM [7] and Switch Transformer [12]] interleave MoE layers with Transformer blocks,
reducing computational costs. Other models like state space models (SSMs) [49, 2], [[1]] combines
MoE with alternative architectures for enhanced scalability and inference speed.

In contrast, our approach introduces MoE into time series forecasting by assigning experts to specific
time-frequency patterns, enabling more effective, patch-level adaptation. This approach represents a
significant innovation in time series forecasting, offering a more targeted and effective way to handle
varying patterns across both time and frequency domains.

C Wasserstein Distance

The Wasserstein distance, also called the Earth mover’s distance or the optimal transport distance, is a
similarity metric between two probability distributions. In the discrete case, the Wasserstein distance
can be understood as the cost of an optimal transport plan to convert one distribution into the other.
The cost is calculated as the product of the amount of probability mass being moved and the distance
it is being moved.

Given two one-dimensional probability mass functions, u and v, the first Wasserstein distance between
them is defined as:

lﬂmvﬁ=€§f%41gx—mdﬂ%y% (13)
™ u,v %

where I'(u, v) is the set of (probability) distributions on R x R whose marginals are « and v on the
first and second factors respectively. Here, u(x) represents the probability of u at position x, with the
same interpretation for v(z).

In the special case of one-dimensional distributions, the Wasserstein distance can be equivalently
expressed using their cumulative distribution functions (CDFs), U and V/, as:

+oo
uwm:/’|U—w. (14)

This equivalence is rigorously proved in [54].

The input distributions can be empirical, therefore coming from samples whose values are effectively
inputs of the function, or they can be seen as generalized functions, in which case they are weighted
sums of Dirac delta functions located at the specified values.

D Distribution Shifts in both Time and Frequency Domains
The time series X is segmented into NV patches, where each patch P,, = {1, Zpn2, - . ., Tnp } Consists

of P consecutive timesteps forn = 1,2,--- , N. For the frequency domain, we apply a Fourier
transform F to each patch P,,, obtaining its frequency-domain representation as P,, = F(Py,).
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Each patch’s probability distribution in the time domain is denoted as p;(P,,), representing the
statistical properties of P,,, while its frequency domain distribution, denoted as p¢(P,,), captures its
spectral characteristics.

The distribution shifts between two patches P; and P; are characterized by the comparing their
probability distributions in both time and frequency domains. These shifts are defined as:

Dy(Pi, Pj) = |d(pe(Pi), pe(Pj))| > 6, (15)

Dy (Pi,Pj) = |d(ps(Pi),ps(Py))| > 6, (16)
where d is a distance metric, such as Wasserstein distance or Kullback-Leibler divergence, and 6 is

a threshold indicating a significant distribution shift. If D;(P;, P;) or D (P;, P;) exceeds 6, this
implies a significant distribution shift between the two patches in either domain. It is important to
note that 6 serves only as a conceptual threshold for defining distribution shifts in the analysis and
does not participate in the modeling or training process of TFPS.

E Metric Illustration

We use mean square error (MSE) and mean absolute error (MAE) as our metrics for evaluation of all
forecasting models. Then calculation of MSE and MAE can be described as:

L+H
1

— V)2
MSE = > (V- %), (17)
i=L+1
| Lt
MAE = 5 > |Vi-Yil, (18)
i=L+1
where Y is predicted vector with H future values, while Y is the ground truth.
In addition, we report the IMP (Improvement) metric, which is defined as:
Avg MSE of baselines — MSE of TFPS
mp = 28 o7 Daseines 0 x 100%. (19)

Avg MSE of baselines

This metric quantifies the relative percentage improvement of TFPS over the average MSE of all
baseline methods. A higher IMP value indicates better overall performance of TFPS compared to the
baselines.

F Hyperparameter-search Results

F.1 Comparsion with Specific Models

To ensure a fair comparison between models, we conducted experiments using unified parameters
and reported results in the main text.

In addition, considering that the reported results in different papers are mostly obtained through
hyperparameter search, we provide the experiment results with the full version of the parameter
search. We searched for input length among 96, 192, 336, and 512. The results are included in
Table[6] All baselines are reproduced by their official code.

We can find that the relative promotion of TFPS over TFDNet is smaller under comprehensive
hyperparameter search than the unified hyperparameter setting. It is worth noticing that TFPS runs
much faster than TFDNet according to the efficiency comparison in Table Therefore, considering
performance, hyperparameter-search cost and efficiency, we believe TFPS is a practical model in
real-world applications and is valuable to deep time series forecasting community.

F.2 Comparsion with Foundation Models

Table [/] presents the detailed results of TFPS compared to recent foundation models (AutoTimes
[30], Moment [[16], and Timer [32]) across six datasets and four forecasting lengths. Consistent
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Table 6: Experiment results under hyperparameter searching for the long-term forecasting task. The
best results are highlighted in bold and the second best are underlined.

TFPS TSLANet FITS iTransformer | TFDNet-IK PatchTST TimesNet Dlinear FEDformer
Model IMP.

(Our) (2024) (2024) (2024) (2023) (2023) (2023) (2023) (2022)
Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | 1.5% | 0.372 0.404 | 0.368 0.394 | 0.374 0.395 | 0.387 0.405 | 0.360 0.387 | 0.375 0.400 | 0.389 0.412 | 0.384 0.405 | 0.385 0.425
192 5.7% | 0.401 0.410 | 0.413 0.418 | 0.407 0.414 | 0.441 0.436 | 0403 0.412 | 0.414 0.421 | 0.441 0.442 | 0.443 0.450 | 0.441 0.461
336 | 9.8% | 0.409 0.402| 0412 0416 | 0429 0.428 | 0491 0.463 | 0.434 0.429 | 0432 0.436 | 0.491 0.467 | 0447 0.448 | 0.491 0473
720 | 11.2% | 0.423 0.433 | 0.473 0.477 | 0425 0.446 | 0.509 0.494 | 0.437 0.452 | 0.450 0.466 | 0.512 0.491 | 0.504 0.515 | 0.501 0.499

96 | 9.3% | 0.268 0.325 | 0.283 0.344 | 0.274 0.337 | 0.301 0.350 | 0.271 0.329 | 0.278 0.336 | 0.324 0.368 | 0.290 0.353 | 0.342 0.383
192 | 10.4% | 0.329 0.376 | 0.331 0.378 | 0.337 0.377 | 0.380 0.399 | 0.333 0.372 | 0.339 0.380 | 0.393 0.410 | 0.388 0.422 | 0.434 0.440
336 | 17.7% | 0.329 0.401 | 0.319 0.377 | 0.360 0.398 | 0.424 0.432| 0.361 0.396 | 0.336 0.380 | 0.429 0.437 | 0463 0.473 | 0.512 0.497
720 | 9.0% | 0.412 0.441 | 0.407 0.449 | 0.386 0.423 | 0.430 0.447 | 0.382 0.418 | 0.382 0.421 | 0.433 0.448 | 0.733 0.606 | 0.467 0.476

96 | 10.2% | 0.281 0.329 | 0.291 0.353 | 0.303 0.345 | 0.342 0.377 | 0.283 0.330 | 0.288 0.342 | 0.337 0.377 | 0.301 0.345 | 0.360 0.406
192 | 8.5% | 0.324 0.354 | 0.329 0.372 | 0.337 0.365 | 0.383 0.396 | 0.327 0.356 | 0.334 0.372 | 0.395 0.406 | 0.336 0.366 | 0.395 0.427
336 | 8.2% | 0.359 0.404|0.357 0.392|0.372 0.385 | 0.418 0.418 | 0.361 0.375 | 0.367 0.393 | 0.433 0.432 | 0.372 0.389 | 0.448 0.458
720 | 8.2% | 0.409 0.408 | 0.423 0.425| 0428 0.416 | 0487 0457 | 0411 0.409 | 0417 0.422 | 0.484 0458 | 0427 0.423 | 0491 0479

96 | 8.9% | 0.158 0.243 | 0.167 0.256 | 0.165 0.255 | 0.186 0.272 | 0.158 0.244 | 0.164 0.253 | 0.182 0.262 | 0.172 0.267 | 0.193 0.285
192 57% | 0222 0.302 | 0.221 0.294 | 0.220 0.291 | 0.254 0.314 | 0.219 0.282 | 0.221 0.292 | 0.252 0.307 | 0.237 0.314 | 0.256 0.324
336 | 8.5% | 0.268 0.316 | 0.277 0.329 | 0.274 0.326 | 0.316 0.351 | 0.273 0.317 | 0.277 0.329 | 0.312 0.346 | 0.295 0.359 | 0.321 0.364
720 | 12.0% | 0.344 0.373 | 0.356 0.382 | 0.367 0.383 | 0.414 0.407 | 0.346 0.374 | 0.365 0.384 | 0.417 0.404 | 0.427 0.439 | 0.434 0.426

96 | 17.8% | 0.370 0.250 | 0.375 0.260 | 0.398 0.285 | 0.428 0.295 | 0.377 0.253 | 0.373 0.259 | 0.586 0.316 | 0.413 0.287 | 0.575 0.357
192 | 17.0% | 0.390 0.258 | 0.395 0.272 | 0.408 0.288 | 0.448 0.302 | 0.391 0.260 | 0.395 0.273 | 0.618 0.323 | 0.424 0.290 | 0.613 0.381
336 | 17.2% | 0.401 0.271 | 0402 0.272 | 0420 0.292 | 0.465 0.311 | 0.408 0.266 | 0.402 0.274 | 0.634 0.337 | 0.438 0.299 | 0.622 0.380
720 | 15.7% | 0.432  0.294 | 0.431 0.288 | 0.448 0.310 | 0.501 0.333 | 0.451 0.291 | 0.435 0.293 | 0.659 0.349 | 0.466 0.316 | 0.630 0.383
96 | 10.3% | 0.128 0.220 | 0.137 0.229 | 0.135 0.231 | 0.148 0.239 | 0.130 0.222 | 0.130 0.223 | 0.168 0.272 | 0.140 0.237 | 0.188 0.303
192 | 11.9% | 0.145 0.235 | 0.153 0.242 | 0.149 0.244 | 0.167 0.258 | 0.146 0.237 | 0.149 0.240 | 0.186 0.289 | 0.154 0.250 | 0.197 0.311
336 | 6.8% |0.166 0.258 | 0.165 0.263 | 0.165 0.260 | 0.178 0.271 | 0.162 0.254 | 0.168 0.262 | 0.196 0.297 | 0.169 0.268 | 0.212 0.327
720 | 6.9% | 0.198 0.283 | 0.206 0.294 | 0.204 0.293 | 0.211 0.300 | 0.201 0.287 | 0.204 0.289 | 0.235 0.329 | 0.204 0.300 | 0.243 0.352

1+ Count 2| 5 [ 0 0 [ 0 | 1 0 [ 0 0

ETThl

ETTh2

ETTml

ETTm2

Traffic

Electricity

Table 7: Detailed results of the comparison between TFPS and foundation models. The best results
are highlighted in bold and the second best are underlined.

TFPS AutoTimes Moment Timer

Model IMP. (Our) (2024) (2024) (2024)
Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
96 | 2.2% | 0372 0.404 | 0.365 0.405 | 0.369 0.406 | 0.359 0.392
EThi 192 | -1:3% | 0401 0.410| 0.392 0423 | 0405 0.431 | 0391 0.413
336 | 0.5% | 0409 0.402 | 0.406 0.433 | 0.420 0.441 | 0.407 0.424
720 | 3.1% | 0423 0.433 | 0423 0450 | 0.466 0.479 | 0.421 0.441
9 | 6.3% | 0.268 0.325|0.286 0.349 | 0.287 0.347 | 0.285 0.344
erTho 192| 92% | 0329 0.376 | 0351 03931 0371 0401 | 0.365 0400
336 | 17.2% | 0.329 0.401 | 0.377 0417 | 0.404 0.425 | 0.412 0.440
720 | 9.8% | 0.412 0.441 | 0.439 0.464 | 0.463 0.476 | 0.467 0.487
96 | 1.3% |0.281 0.329 | 0297 0.350 | 0.281 0.343 | 0.276 0.335
ETTm1 192 | 12% | 0324 03540344 0377 | 0.318 0368 | 0323 0365
ML 336 | 1.6% | 0359 0.404 | 0.380 0398 | 0.356 0.391 | 0.358 0.388
720 | 4.8% | 0.409 0.408 | 0433 0.431 | 0438 0441 | 0.419 0.423
96 | 8.6% | 0.158 0.243 | 0.181 0.266 | 0.170 0.258 | 0.167 0.254
ETTma 192 | 5:5% | 0222 0302|0241 0306 | 0233 0301 | 0229 0297
336 | 6.9% | 0.268 0316 | 0.295 0.341 | 0.287 0.340 | 0.282 0.335
720 | 8.1% | 0.344 0373 | 0.376 0.393 | 0.371 0.399 | 0.376 0.398
96 | -5.5% | 0370 0.250 | 0.347 0.249 | 0360 0.254 | 0.345 0.237
Tt 192] -53% | 0390 0258 0366 0.258 | 0381 0265 | 0.365 0.247
AMC 336 | 3.1% | 0401 0.271 | 0.383 0.267 | 0.404 0277 | 0.381 0.256
720 | -1.1% | 0432 0.294 | 0.420 0.286 | 0.438 0.297 | 0.424 0.280
96 | 3.4% |0.128 0.220 | 0.135 0.230 | 0.133 0.236 | 0.130 0.224
Eloctriciry 192 | 43% | 0145 0235| 0,153 0247 | 0.152 0.254 | 0.149 0.243
Y 336 | 1.5% | 0.166 0.258 | 0.172 0.266 | 0.166 0.265 | 0.168 0.263
720 | 5.2% | 0.198 0.283 | 0.212 0300 | 0.202 0.298 | 0.213 0.303

1* Count 30 2 2 14

with Table |§[, for TFPS, we searched input lengths among 96, 192, 336, and 512, and report the
best-performing configuration for each forecasting length.

TFPS achieves the best performance in 30 out of 48 settings, significantly outperforming AutoTimes
and Moment, which only achieve 2 best scores each. Although Timer demonstrates competitive
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Table 8: Detailed results of the comparison between TFPS and normalization-based methods using
FEDformer. The best results are highlighted in bold and the second best are underlined.

| | | FEDformer

Model | IMP. TEPS + SIN + SAN + Dish-TS + RevIN

(Our) (2024) (2023) (2023) (2021)
Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | -0.9% | 0.398 0.413 | 0.413 0.372 | 0.383 0.409 | 0.390 0.424 | 0.392 0.413
192 | 3.7% | 0.423 0.423 | 0.443 0.417 | 0.431 0.438 | 0.441 0.458 | 0.443 0.444
336 | -0.5% | 0.484 0.461 | 0.465 0.448 | 0.471 0.456 | 0.495 0.486 | 0.495 0.467
720 | 4.8% | 0.488 0.476 | 0.509 0.490 | 0.504 0.488 | 0.519 0.509 | 0.520 0.498

96 | 34.0% | 0.313 0.355 | 0.412 0.357 | 0.300 0.355 | 0.806 0.589 | 0.380 0.402
192 | 28.3% | 0.405 0.410 | 0.472 0.453 | 0.392 0.413 | 0.936 0.659 | 0.457 0.443
336 | 382% | 0.392 0.415 | 0.527 0.527 | 0.459 0.462 | 1.039 0.702 | 0.515 0.479
720 | 41.4% | 0.410 0.433 | 0.593 0.639 | 0.462 0.472 | 1.237 0.759 | 0.507 0.487

96 | 45% | 0.327 0.367 | 0.373 0.320 | 0.311 0.355 | 0.348 0.397 | 0.340 0.385
192 | 29% | 0.374 0.395 | 0.394 0.366 | 0.351 0.383 | 0.406 0.428 | 0.390 0.411
336 | 44% | 0401 0.408 | 0.418 0.405 | 0.390 0.407 | 0.438 0.450 | 0.432 0.436
720 | -0.8% | 0.479 0.456 | 0.451 0.475 | 0.456 0.444 | 0.497 0.481 | 0.497 0.466

96 | 37.5% | 0.170 0.255 | 0.326 0.211 | 0.175 0.266 | 0.394 0.395 | 0.192 0.272
192 | 359% | 0.235 0.296 | 0.402 0.316 | 0.246 0.315 | 0.552 0.472 | 0.270 0.320
336 | 38.6% | 0.297 0.335 | 0.465 0.399 | 0.315 0.362 | 0.808 0.601 | 0.348 0.367
720 | 40.2% | 0.401 0.397 | 0.555 0.547 | 0412 0.422 | 1.282 0.771 | 0430 0.415

96 |30.7% | 0.154 0.202 | 0.280 0.215 | 0.179 0.239 | 0.244 0.317 | 0.187 0.234
192 | 25.6% | 0.205 0.249 | 0.314 0.264 | 0.234 0.296 | 0.320 0.380 | 0.235 0.272
336 | 22.0% | 0.262 0.289 | 0.329 0.293 | 0.304 0.348 | 0.424 0.452 | 0.287 0.307
720 | 21.3% | 0.344 0.342 | 0.382 0.370 | 0.400 0.404 | 0.604 0.553 | 0.361 0.353

1“Count | 24 | 9 7 | 0 | 0

ETThl

ETTh2

ETTml

ETTm2

Weather

Table 9: Detailed results of the comparison between TFPS and normalization-based methods using
DLinear. The best results are highlighted in bold and the second best are underlined.

DLinear
Model IMP. TEPS +SIN ‘ +SAN + Dish-TS ‘ FReVIN

(Our) (2024) (2023) (2023) (2021)
Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | -1.6% | 0.398 0.413 | 0.401 0.415| 0.385 0.395 | 0.389 0.399 | 0.393 0.416
192 | 29% | 0.423 0.423 | 0.438 0.456 | 0.432 0.423 | 0.443 0.433 | 0.431 0.428
336 | -0.4% | 0.484 0.461 | 0.462 0.446 | 0.490 0.463 | 0.487 0.456 | 0.488 0.483
720 | 4.6% | 0.488 0.476 | 0.515 0.500 | 0.516 0.504 | 0.523 0.508 | 0.493 0.482

96 | 49% | 0.313 0.355 | 0.359 0.359 | 0.319 0.364 | 0.317 0.365 | 0.322 0.361
192 | 1.1% | 0.405 0.410 | 0.409 0.424 | 0.407 0.439 | 0.408 0.420 | 0.412 0.424
336 | 3.6% | 0.392 0.415 | 0.398 0.429 | 0.411 0425 | 0.416 0.426 | 0.403 0.427
720 | 2.7% | 0.410 0.433 | 0.419 0.442 | 0417 0.441 | 0.428 0.439 | 0.422 0.446

96 | 49% | 0.327 0.367 | 0.350 0.383 | 0.333 0.374 | 0.343 0.375 | 0.352 0.369
192 | 1.9% | 0.374 0.395 | 0.383 0.396 | 0.374 0.396 | 0.381 0.391 | 0.388 0.396
336 | 3.0% | 0.401 0.408 | 0.413 0.416 | 0.406 0.418 | 0.416 0.417 | 0.419 0.414
720 | 0.0% | 0.479 0.456 | 0.473 0.452 | 0.483 0.451 | 0.482 0.458 | 0.478 0.463

96 | 5.5% | 0.170 0.255 | 0.172 0.283 [ 0.179 0272 | 0.189 0.264 | 0.179 0.269
192 | 44% | 0.235 0.296 | 0249 0.301 | 0239 0.316 | 0.249 0302 | 0.248 0.302
336 | 1.2% | 0.297 0.335 | 0.299 0339 | 0.301 0353 | 0.305 0.349 | 0.299 0.345
720 | 3.2% | 0.401 0.397 | 0412 0421 | 0.404 0.408 | 0.429 0.402 | 0.411 0.402

96 | 45% | 0.154 0.202 | 0.162 0.223 | 0.157 0.215 | 0.173 0.241 | 0.154 0.243
192 | 7.6% | 0.205 0.249 | 0.216 0.259 | 0.214 0.258 | 0.225 0.263 | 0.233 0.265
336 | 6.8% | 0.262 0.289 | 0.279 0.291 | 0.275 0.292 | 0.289 0.305 | 0.282 0.293
720 | 3.0% | 0.344 0.342 | 0.355 0.341 | 0.349 0.351 | 0.366 0.369 | 0.348 0.362

1% Count ‘ 33 ‘ 3 ‘ 3 ‘ 1 ‘ 0 ‘

ETThl

ETTh2

ETTml

ETTm2

Weather

performance (with 14 best scores), TFPS consistently achieves lower error in datasets with higher
distribution shifts, such as ETTh2 and ETTm?2, indicating its advantage in handling pattern hetero-
geneity.

These results reinforce the effectiveness of TFPS’s pattern-specific modeling strategy, especially in
scenarios where traditional large-scale foundation models struggle to generalize.
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Table 10: Comparison between TFPS and MoE-based methods. The best results are highlighted in
bold and the second best are underlined.

TEPS MoLE MoU KAN4TSF
(Our) (2024) (2024) (2024)

Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | -43% | 0.398 0.413]0.383 0.392 | 0.381 0.403 | 0.382 0.400
192 | 1.7% | 0.423 0423 | 0434 0426 | 0.429 0.430 | 0430 0.426
336 | 1.6% | 0.484 0.461 | 0489 0478 | 0.488 0.463 | 0.498 0.467
720 | 8.2% | 0.488 0.476 | 0.602 0.545 | 0499 0.484 | 0.494 0479

96 | 10.4% | 0.313 0.355 | 0.413 0.360 | 0.317 0.358 | 0.318 0.358
192 | 10.3% | 0.405 0.410 | 0.525 0.416 | 0.409 0414 | 0.419 0414
336 | 7.1% | 0.392 0.415| 0423 0434|0397 0420 | 0.447 0.452
720 | 84% | 0.410 0.433 | 0453 0458 | 0412 0434 | 0477 0476

96 | 13.5% | 0.327 0.367 | 0.338 0.380 | 0.465 0.442 | 0.333 0.371
192 | 10.6% | 0.374 0.395 | 0.388 0.403 | 0.483 0.455 | 0.384 0.399
336 | 11.8% | 0.401 0.408 | 0.417 0.431 | 0.540 0.488 | 0.407 0.413
720 | 7.3% | 0.479 0.456 | 0.486 0.472 | 0.583 0.509 | 0.483 0.469

96 | 13.9% | 0.170 0.255 | 0.238 0.271 | 0.179 0.263 | 0.175 0.260
192 | 38% | 0.235 0.296 | 0.247 0.305 | 0.243 0.303 | 0.244 0.305
336 | 3.3% | 0.297 0.335| 0.308 0.343 | 0.306 0.343 | 0.308 0.347
720 | 13.7% | 0.401 0.397 | 0.583 0.419 | 0.405 0.404 | 0.405 0.404

1% Count | 30 | 1 | 1 0

Model IMP.

ETThl

ETTh2

ETTml

ETTm2

G Compared with Other Methods

G.1 Compared with Normalization Methods

In this section, we provide the detailed experimental results of the comparison between TFPS and five
state-of-the-art normalization methods for non-stationary time series forecasting: SIN [17], SAN [34],
Dish-TS [10], and RevIN [20]. We summarize the forecasting results of TFPS and baseline models in
Table [8|and Table E} Specifically, the results of FEDformer combined with SIN are taken from [[17],
while those of FEDformer with other normalization-based methods are reported by [34]. For a fair
comparison, we additionally rerun all experiments for DLinear combined with each normalization
method.

Table[8]and Table 9] presents the forecasting performance across all prediction lengths for each dataset,
along with the relative improvements of TFPS over existing methods. As shown, TFPS consistently
achieves the best performance in the majority of settings, demonstrating its strong adaptability to
distributional and conceptual drifts in time series data.

We attribute this improvement to the accurate identification of pattern groups and the provision
of specialized experts for each group, thereby avoiding the over-stationarization problem often
associated with normalization methods.

G.2 Compared with MoE-based Methods
As shown in Table [I0] unlike MoE-based methods that rely on the Softmax function as a gating
mechanism, our approach constructs a pattern recognizer to assign different experts to handle distinct

patterns. This results in TFPS achieving relative improvements of 2.3%, 9.0%, 10.6%, and 9.1%
across the four datasets, respectively.

G.3 Compared with Distribution Shift Methods

As shown in Table we compare with the methods for distribution shift. This results in TFPS
achieving relative improvements of 6.7%, 6.6%, 4.8%, and 5.9% across the four datasets, respectively.

H Model Analysis

Detailed Results on the Number of Experts. We provide the full results on the number of experts
for the ETTh1 and Weather dataset in Figure
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Table 11: Comparison between TFPS and methods for Distribution Shift. The best results are
highlighted in bold and the second best are underlined.

TFPS Koopa SOLID OneNet
(Our) (2024)) (2024) (2024)

Metric | MSE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | 7.9% |0.398 0413 | 0.385 0.407 | 0.440 0.439 | 0.425 0.402
192 | 10.3% | 0.423 0.423 | 0445 0434 | 0492 0.466 | 0.452 0.443
336 | 49% | 0.484 0.461 | 0489 0460 | 0.525 0.481 | 0.492 0.482
720 | 44% | 0.488 0.476 | 0497 0.480 | 0.517 0.496 | 0.504 0.496

96 | 10.6% | 0.313 0.355 | 0.318 0.360 | 0.318 0.359 | 0.382 0.362
192 | 47% | 0.405 0.410 | 0.378 0.398 | 0.414 0.418 | 0.435 0.426
336 | 48% | 0.392 0.415 | 0415 0.430 | 0.398 0.421 | 0.426 0.419

720 | 6.8% | 0.410 0.433 | 0.445 0.456 | 0.424 0.441 | 0.456 0.437

96 | 6.8% | 0.327 0.367 | 0.329 0.359 | 0.329 0.370 | 0.374 0.392
192 | 2.0% | 0.374 0.395| 0.380 0.393 | 0.379 0.400 | 0.385 0.435
336 | 8.7% | 0.401 0.408 | 0.401 0411 | 0.405 0.412 | 0.473 0.458
720 | 2.0% | 0.479 0.456 | 0.475 0.448 | 0.482 0.464 | 0.496 0.483

96 | 53% | 0.170 0.255| 0.179 0.261 | 0.175 0.258 | 0.184 0.274
192 | 38% | 0.235 0.296 | 0.246 0.305 | 0.241 0.302 | 0.248 0.384
336 | 3.4% | 0.297 0.335| 0310 0.348 | 0.303 0.342 | 0.313 0.374
720 | 9.0% | 0.401 0.397 | 0.405 0.402 | 0.456 0.436 | 0.425 0.438

1* Count | 25 | 6 | 0 1

Model IMP.

ETThl

ETTh2

ETTml

ETTm2

K:4K:8 K:4K:8 KiaKr4 K:4K8

Figure 7: Results of expert number experiments for ETTh1 and Weather.

In Figure [/} we set the learning rate to 0.0001 and conducted four sets of experiments on the ETTh1
and Weather datasets, K; = 1, Ky = {1, 2,4, 8}, to explore the effect of the number of frequency
experts on the results. For example, K;1K 4 means that the TFPS contains 1 time experts and 4
frequency experts. We observed that K;1K 2 outperformed K;1K ¢4 in most cases, suggesting that
increasing the number of experts does not always lead to better performance.

In addition, we conducted three experiments based on the optimal number of frequency experts to
verify the impact of varying the number of time experts on the results. As shown in Figure[7] the best
results for ETTh1 were obtained with K;4K (2, K;8K ¢4, K4 K 4, K4 K ;4, while for Weather, the
optimal results were achieved with K;4K 8, Ki4K 8, K;4K ¢4 and K;4K ;8. Combined with the
average Wasserstein in Table 5] we attribute this to the fact that, in cases where concept drift is more
severe, such as Weather, more experts are needed, whereas fewer experts are sufficient when the drift
is less severe.

Comparing Inter- and Intra-Cluster Differences via Wasserstein Distance. To assess the ef-
fectiveness of the PI module, we replace it with a linear layer and compare the resulting inter- and
intra-cluster Wasserstein distance heatmaps in Figure[8] The diagonal elements represent the average
Wasserstein distances of patches within the same clusters. If these values are small, it indicates that the
difference of patches within the same cluster is relatively similar. The off-diagonal elements represent
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Figure 8: Heatmap showing the Wasserstein distances of inter- and intra-cluster patches on ETTh1.
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Figure 9: Visualization of the embedded representations with t-SNE on ETTh1 for the time domain
with H = 96. (a) t-SNE visualization with a Linear Layer replacing the Patch Identifier for
comparison. (b) t-SNE visualization of TFPS.
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Figure 10: MoE Expert allocation distributions of TFPS: the x-axis corresponds to the 4 experts, and
the y-axis shows the proportion of tokens assigned to each expert.

the average Wasserstein distances between patches from different clusters, where larger values mean
significant differences between the clusters. We observe that when using PI, the intra-cluster drift is
smaller, while the inter-cluster shift is more pronounced compared to the linear layer. This indicates
that our identifier effectively classifies and distinguishes between different patterns.

TFPS produces differentiated token embeddings by adapting to the characteristics of the data.
Figure 9] presents the t-SNE visualization of the learned embedded representation on the ETTh1 for
the time domain with H = 96. In the Figure 9] (a), where the pattern identifier is replaced with a
linear layer, the representation lacks clear clustering structures, resulting in scattered and indistinct
groupings. In contrast, Figure 0] (b) shows the visualization of the representation learned by the
proposed method, which effectively captures discriminative features and reveals significantly clearer
clustering patterns.

TFPS implements dataset-specific token embeddings assignment in a data-driven way, effec-
tively improving performance. Figure [T0] visualizes the expert allocation distributions across
various datasets. Notably, ETTh] and ETTm1 exhibit a high degree of consistency in their expert
assignments, underscoring the model’s ability to capture shared patterns. Conversely, the Weather
dataset shows a distinctly different allocation pattern, highlighting the method’s sensitivity to unique
dataset characteristics and its capability to tailor expert assignments accordingly.
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Table 12: The GPU memory (MB) and speed (inference time) of each model.

‘TFPS TSLANet FITS iTransformer TFDNet-IK PatchTST TimesNet DLinear FEDformer

MSE 0.423 0448 0.445 0.441 0.458 0.460 0.441 0.434 0.441
GPU Memory (MB) 9.643 0.481 0.019 3.304 0.246 0.205 2.345 0.142 62.191
Average Inference Time (ms) | 6.114 0.063 1.184 2.571 98.266 4.861 12.306 0.659 136.130

0.0001
0.001

2 001
0.0001

(a)

Figure 11: Parameter sensitivity of « and § of the proposed method on the ETTh1-96 dataset.

I Efficiency Analysis

To make this clearer, we present the results of ETTh1 for a prediction length of 192 from Table [T] and
include additional results on runtime and computational complexity in Table[T2] Due to the sparsity
of MoPE, TFPS achieves a balance between performance and efficiency:

Performance Superiority. TFPS achieves an MSE of 0.423, outperforming TSLANet (0.448),
FITS (0.445), PatchTST (0.460), and FEDformer (0.441). This represents a 5.6% improvement over
TSLANet and a 8.0% improvement over PatchTST, highlighting its significant accuracy gains. While
DLinear achieves an MSE of 0.434, TFPS still demonstrates a 2.5% relative improvement, making it
the most accurate model among all baselines.

Efficiency Gains. TFPS maintains competitive runtime and memory efficiency.

* Runtime: TFPS runs in 6.457 ms, making it 2.8x faster than PatchTST (17.851 ms) and
11.2x faster than TimesNet (72.196 ms).

* Memory Usage: TFPS uses 9.643 MB of GPU memory, significantly less than FEDformer
(62.191 MB) and comparable to iTransformer (3.304 MB). This makes TFPS suitable for
resource-constrained applications while maintaining superior performance.

Balancing Trade-offs. While lightweight models like DLinear (0.434 MSE, 0.789 ms runtime) are
slightly more efficient, TFPS delivers a performance improvement of 2.5%, providing a well-rounded
solution that balances accuracy and efficiency effectively.

J Hyperparameter Sensitivity

In this section, we analysis the impact of the hyperparameters « and 5 on the performance.

Specifically, we performed a grid search to optimize the hyperparameters o, = {0.0001,0.001,0.01}
and ay = {0.0001,0.001, 0.01}, as shown in Figure (a). After extensive testing, we ultimately
fixed at y = ay = 1072 in our experiments.

In addition, we conducted a grid search to optimize the balance factors §; = {0.01,0.05,0.1,0.5,1}
and 3y = {0.01,0.05,0.1,0.5, 1}. The performance under different parameter values is displayed in
Figure[IT] (b), from which we have the following observations:

* Firstly, the performance is affected when the value of 3 is too low, indicating that the
proposed clustering objective plays a crucial role in distinguishing patterns.

* Second, an excessive [ also has a negative on the performance. One plausible explanation
is that the excessive value influences the learning of the inherent structure of original data,
resulting in a perturbation of the embedding space.
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Table 13: In the table, w/ Imaginary indicates that we incorporate both the real and imaginary parts
into the network.

\ ETThl \ ETTh2
| 96 192 336 720 | 96 192 336 720

TFPS 0.398 0.423 0.484 0.488 | 0.313 0.405 0.392 0.410
w/ Imaginary | 0.397 0.424 0.487 0.486 | 0.312 0.406 0.391 0.399

Table 14: Ablation study of PI components. The model variants in our ablation study include the
following configurations across both time and frequency branches: (a) inclusion of the Time PI; (b)
inclusion of the Frequency PI; (c) exclusion of both. The best results are in bold.

ETThl \ ETTh2
96 192 336 720 | 96 192 336 720

Time PI Frequency PI

v | 0.398 0.423 0.484 0.488 | 0.313 0.405 0.392 0.410
X 0.404 0.454 0.490 0.503 | 0.322 0.413 0.410 0.425
v
X

0.405 0.456 0493 0.509 | 0.324 0.415 0.412 0.430
0.407 0.458 0497 0513 |0.328 0.418 0.419 0.435

LR BNEN

* Overall, we recommend setting 3 around 0.1 for optimal performance.

K Full Ablation

K.1 Impacts of Real/Imaginary Parts

To further validate the robustness of our approach, we adopted similar operations in FreTS to conduct
experiments incorporating both the real and imaginary parts. The results in the Table|13|show that
the performance of TFPS with the real part only is very similar to that when both parts are included,
while requiring fewer parameters. This further reinforces the conclusion that TFPS remains highly
effective even when focusing solely on the real part of the Fourier transform.

K.2 Ablation on PI

The PI module plays a crucial role in identifying and characterizing distinct patterns within the time
series data, while the gating network dynamically selects the most relevant experts for each segment.
This collaborative mechanism allows the model to specialize in handling different patterns and adapt
effectively to distribution shifts, thus mitigating the overfitting risks that arise from treating all data
equally.

To validate the importance of PI empirically, we have conducted the ablation experiments comparing
the model’s performance by replacing the PI module with a linear layer in the Table [2 of main text.
In addition, we supplement some ablation experiments in Table [I4]to further verify the effectiveness
of PIL.

K.3 Ablation on R; and R,

We conducted ablation experiments to further verify the important roles of R; and Ry, as shown in
Table

K.4 Replace MoPE with Alternative Designs

Here we provide the complete results of alternative designs for TFPS.

As show in Table[I6] we have conducted addition experiments where we replaced the MoPE module
with weighted multi-output predictor and stacked self-attention layers, keeping all other components
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Table 15: Ablation study of Loss Constraint. The model variants in our ablation study include
the following configurations across both time and frequency branches: (a) inclusion of the Ry; (b)
inclusion of the Rs; (c) exclusion of both. The best results are in bold.

\ ETThl \ ETTh2
Ry Ry

| 96 192 336 720 | 96 192 336 720
v v [0398 0423 0484 0.488 | 0.313 0.405 0.392 0.410
v X 0408 0449 0500 0498|0320 0418 0415 0.429
X v | 0403 0434 0493 0491|0316 0413 0405 0418
X X | 0412 0456 0509 0503|0328 0425 0420 0.435

Table 16: Multi-output predictor and a stacked attention layer are used to replace MoPE in ETTh1
and ETTh2 datasets.

| ETThl | ETTh2
| 96 192 336 720 | 96 192 336 720
TFPS 0.398 0423 0.484 0.488 | 0.313 0.405 0.392 0.410

Multi-output Predictor | 0.403 0.435 0.492 0.491 | 0.317 0.407 0.399 0.425
Attention Layers 0.399 0.452 0492 0508 | 0.334 0.407 0.409 0.451

and configurations identical. The results demonstrate that our proposed method significantly out-
performs them, which validates the importance of the Top-K selection and pattern-aware design in
enhancing the model’s representation capacity. In contrast, multi-output predictor and self-attention
typically treats all data points uniformly, which may limit its ability to capture subtle distribution
shifts or evolving patterns across patches.

L Algorithm of TFPS

We provide the pseudo-code of TFPS in Algorithm T}

M Broader Impact

Real-world Applications. TFPS addresses the crucial challenge of time series forecasting, which is a
valuable and urgent demand in extensive applications. Our method achieves consistent state-of-the-art
performance in four real-world applications: electricity, weather, exchange rate, illness. Researchers
in these fields stand to benefit significantly from the enhanced forecasting capabilities of TFPS. We
believe that improved time series forecasting holds the potential to empower decision-making and
proactively manage risks in a wide array of societal domains.

Academic Research. TFPS draws inspiration from classical time series analysis and stochastic
process theory, contributing to the field by introducing a novel framework with the assistance pattern
recognition. This innovative architecture and its associated methodologies represent significant
advancements in the field of time series forecasting, enhancing the model’s ability to address
distribution shifts and complex patterns effectively.

Model Robustness. Extensive experimentation with TFPS reveals robust performance without
exceptional failure cases. Notably, TFPS exhibits impressive results and maintains robustness in
datasets with distribution shifts. The pattern identifier structure within TFPS groups the time series
into distinct patterns and adopts a mixture of pattern experts for further prediction, thereby alleviating
prediction difficulties. However, it is essential to note that, like any model, TFPS may face challenges
when dealing with unpredictable patterns, where predictability is inherently limited. Understanding
these nuances is crucial for appropriately applying and interpreting TFPS’s outcomes.

Our work only focuses on the scientific problem, so there is no potential ethical risk.
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Algorithm 1 Time-Frequency Pattern-Specific architecture - Overall Architecture.

Input: Input lookback time series X € RZ*C; input length L; predicted length H; variables number
C; patch length P; feature dimension D; encoder layers number n; random Gaussian distribution-
initialized subspace D = [DM D@ ... DW&)] each DU ¢ R?*?, where ¢ = C x D and
d = q/K. Technically, we set D as 512, n as 2.

Output: The prediction result Y.

I: X = X.transpose > X € ROXE
2: Xpp = Patch (X) + Position Embedding > XD € ROXNXD
3: > Time Encoder.

4: Xto = XpE

5: for lin {1,...,n}:

6: X' =LayerNorm (X} ' + Self-Attn (X! ™1)). > X7t e ROXNXD
7. X!=LayerNorm (X; ' + Feed-Forward (X} ')). > X! € ROXN*D
8: End for

9: 2 = X} >zl € ROXNXD
10: > Pattern Identifier for Time Domain.
11: s; = Subspace affinity (z;, D) > Eq.@of the paper s; € REXNxD
12: §; = Subspace refinement (s;) > Eq. of the paper §, € REXNxD
13: > Mixture of Temporal Pattern Experts.

14: G(s) = Softmax (TopK (s¢))

15: hy = Zszl G($)MLPg(z:) > Eq.and Eq.of the paper h; € REXNxD
16: > Frequency Encoder.

17: X} = Xpp l>Eq.0fthepaperX}) € REXNxP
18: for lin {1,...,n}:

19: X}_l = LayerNorm (ch_1 + Fourier (X}_l)). > X}_l € REXNxD
20: X} = LayerNorm (Xjf_1 + Feed-Forward (X}_l)). > X} € REXNxD
21: End for

22: zp = X! > 2} € ROXNXD
23: o Pattern Identifier for Frequency Domain.

24: sy = Subspace affinity (zy, D) > Eq. [6of the paper sy € REXN*D
25: 3¢ = Subspace refinement (sy) > Eq. of the paper §; € REO*N*D
26: > Mixture of Frequency Pattern Experts.

27: G(s) = Softmax (TopK (sy))

28: hy = Zszl G(s)MLPy(zf) > Eq.and Eq.of the paper hy € REXNxD
29: h = Concat(hs, hy) > h € ROXNx2xD
30: forcin {1,...,C}:

31: Y =Linear (Flatten (h)). > Project tokens back to predicted series Y € RO*H
32: End for

33: Y = Y.transpose >Y e REXC
34: Return Y’ > Output the final prediction Y € RExC
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N Limitations

Though TFPS demonstrates promising performance on the benchmark dataset, there are still some
limitations of this method. First, the patch length is primarily chosen heuristically, and the current
design struggles with handling indivisible lengths or multi-period characteristics in time series. While
this approach works well in experiments, it lacks generalizability for real-world applications. Second,
the real-world time series data undergo expansion, implying that the new patterns continually emerge
over time, such as an epidemic or outbreak that had not occurred before. Therefore, future work will
focus on developing a more flexible and automatic patch length selection mechanism, as well as an
extensible solution to address these evolving distribution shifts.

35



	Introduction
	Related Work
	Method
	Preliminaries
	Overall Architecture
	Embedding Layer
	Dual-Domain Encoder
	Pattern Identifier
	Mixture of Pattern Experts
	Loss Function

	Experiments
	Experimental Setup
	Overall Performance Comparison
	Ablation Study
	Comparsion with Foundation Models
	Comparsion with Normalization Methods
	Visualization
	Analysis of Experts

	Conclusion
	Acknowledgments and Disclosure of Funding
	Dataset
	Related Work
	Wasserstein Distance
	Distribution Shifts in both Time and Frequency Domains
	Metric Illustration
	Hyperparameter-search Results
	Comparsion with Specific Models
	Comparsion with Foundation Models

	Compared with Other Methods
	Compared with Normalization Methods
	Compared with MoE-based Methods
	Compared with Distribution Shift Methods

	Model Analysis
	Efficiency Analysis
	Hyperparameter Sensitivity
	Full Ablation
	Impacts of Real/Imaginary Parts
	Ablation on PI
	Ablation on R1 and R2
	Replace MoPE with Alternative Designs

	Algorithm of TFPS
	Broader Impact
	Limitations

