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Abstract

Self-supervised contrastive learning has recently shown promise for time-series representa-
tion learning, yet most existing methods treat sequences holistically and leave trend and
seasonal components entangled, limiting their effectiveness for long-horizon multivari-
ate forecasting. We study decomposition-aware representation learning for time-series
forecasting without negative pairs. We propose the Trend-Season Contrastive Learner
(TSCL), a Siamese framework that decomposes each series into trend, seasonality, and resid-
ual components, encodes trend and seasonality with dedicated encoders and a learnable
Fourier layer, and optimizes a positive-pair contrastive objective over component-wise
representations. Experiments on five public benchmarks (ETTh1, ETTh2, ETTm1, ETTm2,
and Weather) show that TSCL consistently improves downstream forecasting across pre-
diction horizons. Averaged over all datasets and horizons, TSCL achieves 0.489 MSE and
0.488 MAE, yielding an about 20–30% lower error than representative contrastive baselines
(e.g., SimTS and CoST). Paired t-tests further confirm that the improvements are statistically
significant in most settings. These results indicate that decomposition-aware contrastive
learning yields robust and generalizable representations for long-horizon forecasting across
diverse temporal resolutions.

Keywords: time-series prediction; contrastive learning; feature extraction

1. Introduction
Time-series data is widely used in areas such as finance, energy management, medical

diagnostics [1], and traffic analysis. However, it is difficult to identify and annotate due to its
complexity and diversity. To overcome these limitations and fully leverage unlabeled data,
self-supervised learning has emerged as a promising approach for representation learning,
excelling in fields such as computer vision, natural language processing, and time-series
analysis [2]. Although contrastive learning has proven effective, it remains underexplored
in time-series analysis due to the difficulty of extracting meaningful features from complex
patterns [3]. Recent contrastive learning approaches for time-series prediction have shown
promise [3], but often suffer from overfitting and noise amplification due to excessive
model complexity. In addition, the entanglement of trend and seasonal components can
hinder effective feature learning.
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Recent methods such as CoST [4] and SimTS [5] explore contrastive pretraining for
time-series data. CoST disentangles trend and seasonal components using handcrafted
temporal and frequency transformations, while SimTS removes negative-pair construction
through a Siamese objective. However, existing methods largely treat the series holistically
without explicit decomposition, leaving trend and seasonal structure entangled during
representation learning. This may limit their suitability for downstream forecasting tasks,
where periodic and trend-driven behaviors are important. Inspired by CoST and SimTS, we
propose the Trend-Season Contrastive Learner (TSCL), which decomposes time series into
trend, seasonality, and residual components before feature extraction. This decomposition
enhances the ability of the feature extractor to effectively capture meaningful features.
For seasonal data, a learnable Fourier layer improves representation quality. TSCL also
employs a contrastive loss based on Siamese Neural Networks (SNNs) [6,7], focusing on
learning the similarity of positive pairs without strictly defining negative pairs. Experi-
ments on five real-world datasets confirm that this method enhances contrastive learning
in time-series prediction.

The contributions of our work are as follows:

• We propose the Trend-Season Contrastive Learner (TSCL), which leverages decom-
posed seasonality and trend representations with a Siamese architecture to enhance
effective learning of trend and seasonality features through contrastive learning with-
out requiring negative pairs.

• The proposed method achieves state-of-the-art performance on five real-world bench-
mark datasets, reducing MSE and MAE in multivariate time-series forecasting tasks.

2. Related Work
2.1. Contrastive Learning for Time-Series Forecasting

Contrastive learning has achieved promising results in representation learning for
unlabeled time-series data. Early methods such as T-loss [8] and TNC [9] construct positive
and negative pairs based on temporal proximity and subsequence sampling. TS-TCC [3]
introduces augmented views for mutual prediction, while TS2Vec [2] applies hierarchi-
cal multi-scale contrastive objectives to learn context-dependent representations. Recent
studies extend contrastive learning into new domains: CoST [4] performs disentangled
contrastive learning in both the time and frequency domains, InfoTS [10] incorporates
meta-learning to refine augmentation, and SimTS [5] removes negative-pair construction
via a Siamese contrastive objective.

Despite these advancements, most contrastive approaches emphasize representation
quality rather than downstream forecasting performance, and largely treat the time series
holistically without explicit decomposition. This may leave slowly varying trend compo-
nents and periodic seasonal patterns entangled in the learned representation space, limiting
their effectiveness for multivariate and long-horizon forecasting tasks.

2.2. Decomposition and Hybrid Forecasting Approaches

Decomposition techniques aim to enhance interpretability and forecasting perfor-
mance by separating trend, seasonal, and residual components [11]. Classical methods
include additive and multiplicative decomposition [12] and wavelet transforms [13]. Matrix
factorization approaches such as SVD and PCA [14] extract low-dimensional structure to
support predictive models.

More recent works integrate decomposition with forecasting models for specific do-
mains. Yuan et al. [15] propose a multistep photovoltaic power forecasting model that
combines multi-timescale fluctuation aggregation with an attention mechanism and con-
trastive learning, demonstrating improved accuracy for renewable power series predic-
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tion. Wang et al. [16] introduce a hybrid forecasting pipeline that integrates seasonal-
trend decomposition with singular spectrum analysis and a meta-heuristic optimizer-
embedded neural network, improving accuracy for volatile time-series scenarios. Addi-
tionally, Hong et al. [17] presents a correlational strategy that uses technical indicators and
neural networks to address prediction accuracy in high-dimensional financial time series.
While these studies highlight the benefits of decomposition or correlation strategies for
forecasting, they mainly operate in supervised or hybrid learning settings and do not incor-
porate self-supervised contrastive representation learning. Therefore, it remains unclear
whether component-wise representations learned in a self-supervised manner can improve
downstream forecasting tasks.

2.3. Siamese Networks for Similarity Learning

Siamese Neural Networks (SNNs) [6,7] learn similarity functions between paired
inputs through weight-sharing subnetworks. Originally used for verification tasks such
as handwritten signatures and face matching [18], SNNs have since been adapted to time-
series learning. SimTS [5] leverages a Siamese contrastive loss to remove negative-pair
sampling and enhance robustness in time-series representation learning. However, SNN-
based approaches do not incorporate decomposition or frequency-domain modeling and
continue to operate on entangled raw signals.

2.4. Summary and Research Gap

In summary, contrastive learning methods improve representation learning for time
series but rarely account for trend–season decomposition, forecasting objectives, or correla-
tions across features. Similarly, decomposition- or correlation-based forecasting meth-
ods improve supervised forecasting but do not integrate self-supervised contrastive
learning for representation learning. Existing Siamese contrastive approaches do not
leverage component-wise structures or frequency features. These limitations motivate a
decomposition-driven, forecasting-aware contrastive framework that learns component-
wise representations in a self-supervised manner.

3. Preliminary
3.1. Problem Formulation

Given a time series X = {X1, · · · , XM, · · · , XN} ∈ RC×N , where N is the length of the
series and Xt ∈ RC represents a C-dimensional data point at timestep t, with C being the
number of features or variables, we split the time series at point M into two segments Xpre

and Xpost:

Xpre = [X1, · · · , XM] ∈ RC×M, Xpost = [XM+1, · · · , XN ] ∈ RC×(N−M) (1)

Here, Xpre serves as the input to our model, while Xpost is the target that we aim to
predict based on historical data. This setup defines our forecasting problem, where the goal
is to predict Xpost using Xpre.

3.2. Time Series Decomposition

We further decompose both Xpre and Xpost into trend T, seasonality S, and residual R
components using a sliding window method as follows:

Xt = Tt + St + Rt, 0 < t ≤ N. (2)

For Xpre, it is divided into Tpre, Spre, Rpre ∈ RC×M. Similarly, Xpost is divided into
Tpost, Spost, Rpost ∈ RC×(N−M).
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For clarity, we redefine the trend and seasonality components as follows: For trend
segments, T̂pre = [T̂1, T̂2, · · · , T̂M] and T̂post = [T̂M+1, T̂M+2, · · · , T̂N ]. For seasonality
segments, Ŝpre = [Ŝ1, Ŝ2, · · · , ŜM] and Ŝpost = [ŜM+1, ŜM+2, · · · , ŜN ].

3.3. Model Architecture

Our model incorporates the concept of Siamese neural networks, consisting of two
identical subnetworks: the previous subnetwork and the target subnetwork. Each sub-
network has two encoder networks, denoted as T Dθ and SDθ , which are used to learn
the trend representations FT,pre and the seasonality representations FS,pre . These rep-
resentations are then used to predict the trend FT,post and seasonality FS,post in the
target subnetwork.

Finally, the model is trained using contrastive learning, maximizing the similarity be-
tween the learned representations of Xpre and Xpost. This ensures that the model effectively
captures meaningful patterns in time-series data, enhancing forecasting performance.

4. Methodologies
In this section, we present our proposed TSCL in detail. Figure 1 provides an overview

of TSCL.

Figure 1. Architecture diagram of our proposed TSCL.

4.1. Seasonal Decomposition

To enhance forecasting performance, we decompose each time series into trend, sea-
sonality, and residual components. The additive formulation is expressed as

Xt = Tt + St + Rt, (3)

where Tt captures low-frequency structure, St captures periodic patterns, and Rt denotes
high-frequency residual fluctuations.

The trend component is estimated using a moving average with window size k:

Tt =
1
k

t

∑
i=t−k+1

Xi (4)
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The choice of k = 25 reflects a smoothing-scale hyperparameter that balances atten-
uation of short-term fluctuations with preservation of slow-varying structure. For the
hourly ETT datasets, this corresponds to approximately one daily cycle, which is known
to govern electricity load patterns. For the 15-min ETTm datasets, k = 25 spans approxi-
mately 6 h, which effectively removes transient variation while retaining diurnal behavior.
From a spectral perspective, k controls the cut-off between low and high frequency compo-
nents, and similar values are used in classical decomposition methods to isolate seasonal
periodicity. The detrended component is then obtained by:

deTt = Xt − Tt, (5)

and the seasonal component is estimated by smoothing the detrended signal:

St = deTt −
1
k

t

∑
i=t−k+1

deTi (6)

The residual term is defined as

Rt = Xt − Tt − St (7)

For contrastive learning, we reallocate residuals into trend and seasonal representations:

T̂t = Tt + βRt, Ŝt = St + (1 − β)Rt, (8)

where β determines the proportion of residual variation assigned to the trend. This for-
mulation provides an interpretable mechanism for decomposing temporal information at
different frequencies without requiring dataset-specific tuning.

4.2. Siamese Neural Network Architecture and Subnetwork Design

To enhance feature extraction, we employ a Siamese Neural Network (SNN) and Con-
volutional Neural Network (CNN) re-projection, enabling the model to learn relationships
between trend and seasonality patterns more effectively. Inspired by SimTS [5], TSCL
integrates Siamese architecture, consisting of two identical subnetworks: the previous and
the target subnetwork.

Each subnetwork contains two encoder networks, a trend encoder T Dθ and a sea-
sonality encoder SDθ , which process trend and seasonality components using shared
parameters. The SNN learns a similarity metric by embedding inputs and measuring
their similarity.

In our framework, the previous subnetwork extracts features from past trend and
seasonality segments, while the target subnetwork processes corresponding target segments.
To enhance high-dimensional feature mapping, we apply a CNN-based pre-processing
module, improving the model’s ability to capture complex temporal patterns.

4.3. Trend Feature Extractor

In TSCL, both the previous subnetwork and the target subnetwork contain a trend
feature extractor T Dθ with shared parameters. As shown in Figure 2, the trend feature
extractor employs multiple 1-dimensional causal convolution layers with kernel sizes 2i for
i = 0, 1, . . . , k, to capture trend representations across different time scales by various kernel
sizes. The outputs from these convolution layers are aggregated using an average pooling
layer, enabling the model to effectively learn both short-term and long-term dependencies.

By incorporating causal convolution layers with diverse kernel sizes, T Dθ effectively
captures intricate temporal patterns in the data. Smaller kernels focus on fine-grained, short-
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term trends, while larger kernels are suited for identifying broader, long-term patterns. This
multi-scale approach ensures a more comprehensive understanding of temporal dynamics.

Figure 2. Architecture of the Trend Feature Extractor.

As described in Section 4.2, our model adopts a Siamese Neural Network structure
with two identical subnetworks: the previous subnetwork and the target subnetwork.
Time-series data is segmented at time point M. After processing through the Seasonal
Decomposition module, we obtain the previous trend time-series segments T̂pre and the
target trend time-series segments T̂post as follows:

T̂pre =
[
T̂1, T̂2, · · · , T̂M

]
, T̂post =

[
T̂M+1, T̂M+2, · · · , T̂N

]
(9)

These segments are then passed through the trend feature extractors T Dθ in both
subnetworks to extract trend feature representations FT,pre and FT,post as follows:

FT,pre = T Dθ(T̂pre) =
[
FT,pre

1 ,FT,pre
2 , · · · ,FT,pre

M

]
(10)

FT,post = T Dθ(T̂post) =
[
FT,post

M+1 ,FT,post
M+2 , · · · ,FT,post

N

]
(11)

To improve generalization and prevent overfitting, we incorporate the stop-gradient
mechanism inspired by SimSiam [6,7]. This mechanism ensures that when sharing pa-
rameters between the previous and target subnetworks, the trend feature extractor does
not update its parameters based on target trend segments. This encourage the model to
learn robust, generalized patterns from previous segments instead of overfitting to the
target data.

4.4. Seasonality Feature Extractor

Spectral analysis in the frequency domain has been extensively utilized for detecting
seasonality. Inspired by CoST [4], we also employ frequency domain analysis to capture and
analyze seasonal patterns in time-series data. In our model, both the previous subnetwork
and the target subnetwork contain a seasonality feature extractor, denoted as SDθ , which
shares parameters across both subnetworks. As shown in Figure 3, the seasonality feature
extractor applies the Fourier Transform to decompose time-series data into frequency
components, allowing for a more precise identification of seasonal patterns.

The core component of the seasonality feature extractor is the Banded Fourier Layer.
This layer is designed to isolate specific frequency bands within the Fourier-transformed
signals. This allows for targeted analysis of different periodic components, enhancing the
model’s ability to extract meaningful seasonality patterns.

The Banded Fourier Layer begins by applying a Discrete Fourier Transform (DFT)
along the time dimension of the intermediate feature representations. This transformation
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converts the time domain data into the frequency domain, resulting in a complex-valued
matrix. A learnable layer then applies a linear matrix transformation to each frequency
component using unique complex-valued parameters, enabling frequency domain interac-
tions. The transformed frequency components are then converted back to the time domain
using an inverse DFT operation, resulting in time-domain signals.

Figure 3. Architecture of the Seasonality Feature Extractor.

Similar to the trend feature extractor, the seasonality feature extractor also follows
the SNN framework. The time-series data is segmented at time point M. After processing
through the Seasonal Decomposition module, we obtain the previous seasonality time-
series segments Ŝpre and the target seasonality time-series segments Ŝpost as follows:

Ŝpre = [Ŝ1, Ŝ2, · · · , ŜM], Ŝpost = [ŜM+1, ŜM+2, · · · , ŜN ] (12)

These segments are then processed through the seasonality feature extractors SDθ in
both subnetworks to obtain seasonality feature representations FS,pre and FS,post as follows:

FS,pre = SDθ(Ŝpre) =
[
FS,pre

1 ,FS,pre
2 , · · · ,FS,pre

M

]
(13)

FS,post = SDθ(Ŝpost) =
[
FS,post

M+1 ,FS,post
M+2 , · · · ,FS,post

N

]
(14)

These representations help capture periodic structures, improving the model’s ability
to learn meaningful seasonality patterns for forecasting.

4.5. Predictor

As proposed by [19,20], we utilize the last row of the feature representations FT,pre
M and

FS,pre
M obtained from the previous subnetwork to predict the corresponding representations

in the target subnetwork. After obtaining FT,pre
M and FS,pre

M , these feature representations
are then passed into a Multilayer Perceptron (MLP) predictor Pθ to estimate the feature
representations of the target subnetwork, denoted as F̂T,pre and F̂S,pre. The MLP predictor
Pθ is defined as follows:

Pθ(x) = Wkw12(ReLU(Wkw1(x))T), (15)

where Wkw1 represents a linear transformation that maps input features of input lengths to
a feature space of output lengths, and Wkw12 is another linear transformation that maps
the data, after ReLU activation, to a feature space of output dimensions. The feature
representations can be predicted using the following equations:

F̂T,pre = Pθ(F
T,pre
M ), F̂S,pre = Pθ(F

S,pre
M ) (16)
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We define the predicted target trend feature representations F̂T,pre from the predictor
and the actual target subnetwork trend feature representations FT,post as a positive pair.
Similarly, the predicted target seasonality feature representations F̂S,pre from the predictor
and the actual target subnetwork seasonality feature representations FS,post also form a
positive pair. In contrastive learning, we expect that positive pairs are as similar as possible.

Using this structure, the predictor learns to generate feature representations that align
with those of the target subnetwork, aiding in robust contrastive learning.

4.6. Similarity Contrastive Loss

To compute the loss, we combine the trend cosine similarity loss Ltrend and the season-
ality cosine similarity loss Lseasonality, capturing the trend and seasonality spectral features
of the time-series data.

First, we convert the predicted target seasonality feature representations F̂S,pre and
the target seasonality feature representations FS,post into their amplitude and phase com-
ponents. This conversion allows us to analyze the spectral characteristics of seasonality
features. The seasonality cosine similarity loss Lseasonality measures the negative cosine
similarity between positive pairs. We concatenate the feature representations and compute
the pairwise cosine similarity.

For the seasonality cosine similarity loss, we first compute the amplitude cosine similarity:

cos _simamp =
1

N − M

N

∑
i=M+1

amp(FFT(F̂S,pre
i )) · amp(FFT(FS,post

i ))

∥amp(FFT(F̂S,pre
i ))∥∥amp(FFT(FS,post

i ))∥
(17)

Next, we compute the phase cosine similarity:

cos _simph =
1

N − M

N

∑
i=M+1

phase(FFT(F̂S,pre
i )) · phase(FFT(FS,post

i ))

∥phase(FFT(F̂S,pre
i ))∥∥phase(FFT(FS,post

i ))∥
(18)

Then, the seasonality cosine similarity loss Lseasonality is given by:

Lseasonality = −
cos _simamp + cos _simph

2
(19)

The trend cosine similarity loss Ltrend calculates the negative cosine similarity between
the predicted trend feature representations F̂T,pre and the target trend feature representa-
tions FT,post:

Ltrend = − 1
N − M

N

∑
i=M+1

F̂T,pre
i · FT,post

i

∥F̂T,pre
i ∥∥FT,post

i ∥
(20)

The overall loss function L is a weighted combination of the trend cosine similarity loss
Ltrend and the seasonality cosine similarity loss Lseasonality, controlled by the hyperparameter
α as follows:

L = Ltrend + α · Lseasonality (21)

5. Experiment
5.1. Dataset

We evaluated TSCL using five real-world public benchmark datasets, as shown in
Table 1. The Electricity Transformer Temperature (ETT) dataset [21] consists of four subsets:
two sampled hourly (ETTh) and two sampled every 15 min (ETTm). These datasets measure
six types of electricity load features and oil temperature, collected over two years from two
provinces in China. The Weather dataset contains hourly local climate data from nearly
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1600 regions across the United States over four years, collected every hour, with each time
step containing 12 weather variables.

Table 1. Summary of five real-world public benchmark datasets.

Dataset Variable
Number Frequency Aggregate Number

of Observations

ETTh1 7 1 h 17,420
ETTh2 7 1 h 17,420
ETTm1 7 15 min 69,680
ETTm2 7 15 min 69,680
Weather 12 1 h 35,064

5.2. Experiment Settings

We split all datasets into training, validation, and test sets using a 6:2:2 ratio. Model
evaluation was performed using mean square error (MSE) and mean absolute error (MAE)
as metrics.

To decompose the time-series data, we used a seasonal model with a window size of 25,
adjusting the proportion of residuals in trend and seasonality through the hyperparameter
β, fine-tuned experimentally. For the ETT datasets, we set β to 0.2 and α to 1.0 for hourly
data; for ETTm1, we set β to 0.4 and α to 0.6; and for ETTm2, we set β to 0.4 and α to
0.8. For the Weather dataset, we used β = 0.5 and α = 0.1. The trend and seasonal
components were projected into a 64-dimensional latent space using a convolutional
projector. Additionally, trend sequences were encoded into a 320-dimensional space using
multi-scale convolution. Each training sample consisted of subsequences of length 402,
with the first 201 timestamps as input and the next 201 as the target trend segment. We
optimized cosine similarity loss using the stochastic gradient descent (SGD) with a learning
rate of 0.001, momentum of 0.9, and weight decay of 0.0001.

For the ETTh1, ETTh2, and Weather datasets, prediction horizons were set to
L ∈ {24, 48, 168, 336, 720}, while for the ETTm1 and ETTm2 datasets, these were set to
L ∈ {24, 48, 96, 288, 672}. The optimal ridge regression model was identified on the valida-
tion set and applied for error measurement.

5.3. Baselines

We compared TSCL with various two-stage representation learning methods for time
series, including SimTS [5], CoST [4], TS2Vec [2], and TNC [9]. We also employed several
end-to-end models, including Informer [21] and TCN [22].

5.4. Overall Performance

Table 2 reports the multivariate forecasting results across five datasets and multiple
prediction horizons. TSCL achieves the best average performance in both MSE and MAE,
outperforming SimTS, CoST, TS2Vec, and TNC as well as end-to-end forecasting base-
lines such as Informer and TCN. The improvements are particularly consistent on ETTh1,
ETTh2, and Weather, and at medium to long forecasting horizons where seasonal structure
contributes more strongly to predictive performance.

The results are not fully uniform across all experimental settings. At the shortest
forecasting horizon L = 24, TSCL ranks second on ETTm1, ETTm2, and Weather. In these
three cases, SimTS achieves the lowest error, and CoST performs equally well as SimTS on
Weather at L = 24. These observations indicate that short-horizon forecasting, especially
for high-frequency series such as ETTm1 and ETTm2, benefits more from objectives that
emphasize local temporal similarity rather than seasonal decomposition.
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Table 2. The results of multivariate forecasting. The best result in each row is in boldface and the
second place is underlined.

Unsupervised Representation Learning End-to-End Forecasting

Methods TSCL SimTS CoST TS2Vec TNC Informer TCN

L MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1

24 0.309 0.382 0.377 0.422 0.386 0.429 0.590 0.531 0.708 0.592 0.577 0.549 0.583 0.547
48 0.331 0.392 0.427 0.454 0.437 0.464 0.624 0.555 0.749 0.619 0.685 0.625 0.670 0.606

168 0.421 0.452 0.638 0.577 0.643 0.582 0.762 0.639 0.884 0.699 0.931 0.752 0.811 0.680
336 0.692 0.593 0.815 0.685 0.812 0.679 0.931 0.728 1.020 0.768 1.128 0.873 1.132 0.815
720 0.848 0.724 0.956 0.771 0.970 0.771 1.063 0.799 1.157 0.830 1.215 1.869 1.165 0.813

ETTh2

24 0.29 0.443 0.336 0.434 0.447 0.502 0.424 0.489 0.612 0.595 0.720 0.665 0.935 0.754
48 0.387 0.490 0.564 0.571 0.699 0.637 0.619 0.605 0.84 0.716 1.457 1.001 1.300 0.911

168 0.719 0.658 1.407 0.926 1.549 0.982 1.845 1.074 2.359 1.213 3.489 1.515 4.017 1.579
336 1.265 0.874 1.640 0.996 1.749 1.042 2.194 1.197 2.782 1.349 2.723 1.340 3.460 1.456
720 1.582 0.991 1.878 1.065 1.971 1.092 2.636 1.37 2.753 1.394 3.467 1.376 3.106 1.381

ETTm1

24 0.217 0.317 0.232 0.314 0.246 0.329 0.453 0.444 0.522 0.472 0.323 0.369 0.522 0.472
48 0.267 0.350 0.311 0.368 0.381 0.386 0.592 0.521 0.695 0.567 0.494 0.503 0.542 0.508
96 0.295 0.366 0.360 0.402 0.378 0.419 0.635 0.554 0.731 0.595 0.678 0.614 0.666 0.578

288 0.342 0.399 0.450 0.467 0.472 0.486 0.693 0.597 0.818 0.649 1.056 0.786 0.991 0.735
672 0.425 0.445 0.612 0.563 0.620 0.574 0.782 0.653 0.932 0.712 1.192 0.926 1.032 0.756

ETTm2

24 0.135 0.269 0.108 0.223 0.122 0.244 0.180 0.293 0.185 0.297 0.173 0.301 0.180 0.324
48 0.153 0.283 0.164 0.285 0.183 0.305 0.244 0.350 0.264 0.36 0.303 0.409 0.204 0.327
96 0.183 0.311 0.271 0.376 0.294 0.394 0.360 0.427 0.389 0.458 0.365 0.453 3.041 1.330

288 0.459 0.516 0.716 0.646 0.723 0.652 0.723 0.639 0.920 0.788 1.047 0.804 3.162 1.337
672 0.899 0.722 1.600 0.979 1.899 1.073 1.753 1.007 2.164 1.135 3.126 1.302 3.624 1.484

Weather

24 0.318 0.371 0.298 0.359 0.298 0.360 0.308 0.364 0.320 0.373 0.335 0.381 0.321 0.367
48 0.359 0.408 0.359 0.410 0.359 0.411 0.375 0.417 0.380 0.421 0.395 0.459 0.386 0.423

168 0.416 0.456 0.426 0.461 0.464 0.491 0.496 0.506 0.479 0.495 0.608 0.567 0.491 0.501
336 0.428 0.470 0.504 0.520 0.497 0.517 0.532 0.533 0.505 0.514 0.702 0.620 0.502 0.507
720 0.491 0.514 0.535 0.542 0.533 0.542 0.567 0.558 0.543 0.547 0.831 0.731 0.498 0.508

Average 0.489 0.488 0.639 0.553 0.685 0.575 0.815 0.634 0.948 0.686 1.121 0.792 1.334 0.788

It is noteworthy that all three instances where TSCL ranks second correspond to the
shortest horizon of L = 24. This pattern suggests that fine-scale temporal invariances
are more influential for near-term prediction, whereas seasonal decomposition becomes
more advantageous as the horizon increases and long-range periodic structure accumulates.
Despite this nuance, TSCL remains competitive in these settings and attains the best aggre-
gated performance across datasets and horizons, demonstrating that seasonally informed
representations provide robust generalization for multivariate forecasting.

Beyond the numerical differences in forecasting error, we assess whether the improve-
ments of TSCL are statistically significant. We perform paired t-tests (df = 4) comparing
TSCL against SimTS and CoST, the two strongest unsupervised baselines. As shown in
Table 3, TSCL achieves statistical significance in 19/25 cases against SimTS and 21/25 cases
against CoST for MSE, and in 19/25 and 23/25 cases for MAE, respectively.

The few non-significant cases concentrate primarily at the shortest forecasting horizon
on ETTm2 and Weather. For ETTm2, the absence of significance aligns with the high-
frequency nature (15-min sampling) of the dataset, where local temporal similarity plays
a larger role than seasonal decomposition. For Weather, although its sampling frequency
matches ETTh1 and ETTh2 (hourly), meteorological multivariate series exhibit weaker
periodicity and higher noise, making seasonal signals less dominant at short horizons.
These observations are consistent with the results in Table 2, where TSCL exhibits increasing
advantages at medium and long horizons across all datasets.

Taken together, these findings indicate that TSCL’s seasonal decomposition mechanism
yields statistically reliable improvements, particularly when forecasting beyond short-term
horizons where periodic structure accumulates.
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Table 3. Paired t-test (df = 4) results comparing TSCL against SimTS and CoST on multivariate
forecasting. p-values are obtained from paired t-tests over five independent runs with different
random seeds. Each cell reports p-value/significance indicator (✓ for p < 0.05, × for p ≥ 0.05).

Dataset L
MSE (TSCL vs. Baseline) MAE (TSCL vs. Baseline)

SimTS CoST SimTS CoST

ETTh1

24 0.000045/✓ 0.000305/✓ 0.000354/✓ 0.001495/✓
48 0.000015/✓ 0.000099/✓ 0.000083/✓ 0.000418/✓
168 0.000004/✓ 0.000037/✓ 0.000011/✓ 0.000037/✓
336 0.000390/✓ 0.000213/✓ 0.000092/✓ 0.000034/✓
720 0.053035/× 0.061625/× 0.014611/✓ 0.030061/✓

ETTh2

24 0.003071/✓ 0.000978/✓ 0.096234/× 0.007458/✓
48 0.000293/✓ 0.000040/✓ 0.000641/✓ 0.000067/✓
168 0.000319/✓ 0.000359/✓ 0.000671/✓ 0.000469/✓
336 0.000375/✓ 0.000429/✓ 0.003370/✓ 0.002133/✓
720 0.000116/✓ 0.000121/✓ 0.002703/✓ 0.006294/✓

ETTm1

24 0.007458/✓ 0.000243/✓ 0.404433/× 0.005564/✓
48 0.000068/✓ 0.000001/✓ 0.001506/✓ 0.000034/✓
96 0.000016/✓ 0.000001/✓ 0.000071/✓ 0.000003/✓
288 0.000001/✓ 0.000034/✓ 0.000012/✓ 0.000078/✓
672 0.000001/✓ 0.000047/✓ 0.000002/✓ 0.000044/✓

ETTm2

24 0.023821/✓ 0.337973/× 0.001518/✓ 0.092175/×
48 0.072397/× 0.059594/× 0.747555/× 0.139141/×
96 0.000102/✓ 0.000231/✓ 0.000392/✓ 0.000118/✓
288 0.000085/✓ 0.000283/✓ 0.000127/✓ 0.000052/✓
672 0.003921/✓ 0.001070/✓ 0.001671/✓ 0.000690/✓

Weather

24 0.254438/× 0.000001/✓ 0.320377/× 0.000004/✓
48 0.986316/× 0.373901/× 0.869525/× 0.000000/✓

168 0.056207/× 0.000000/✓ 0.013803/✓ 0.000003/✓
336 0.013948/✓ 0.000003/✓ 0.001932/✓ 0.000004/✓
720 0.389858/× 0.000022/✓ 0.098605/× 0.000028/✓

Summary (Sig/Total) 19/25 21/25 19/25 23/25

5.5. Ablation Study

To evaluate the impact of each component within our framework, we compare the
performance of the model with the following: (1) w/o SFE: Full TSCL removes the Sea-
sonality Feature Extractor (SFE) module; (2) w/o SD: Full TSCL removes the Seasonal
Decomposition (SD) component; (3) w/o SG: Full TSCL removes the stop-gradient (SG)
operation; (4) w/ NPs: Full TSCL incorporates negative pairs (NPs) into the model.

The results in Table 4 show that TSCL performs better on all datasets, highlighting the
importance of each component in achieving optimal model performances. We demonstrate
that removing either the Seasonal Decomposition or the Seasonality Feature Extractor
decreases performance. We verify that effective training on both trend and seasonal data
improves performance. The experimental results indicate that removing the stop-gradient
operation further degrades model performance. Thus, the stop-gradient operation is crucial
for stabilizing the training process and improving model performance. Regarding negative-
pair construction, we follow the methodology of [23,24] to demonstrate that TSCL can
operate with or without negative pairs. These results evaluate the architectural component
rather than general conclusions about negative-pair strategies.
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Table 4. The results of the ablation study. The best result is in boldface.

w/o SFE w/o SD w/o SG w/ NPs TSCL

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 0.605 0.540 0.770 0.654 0.627 0.560 0.567 0.531 0.520 0.509
ETTh2 0.962 0.732 1.215 0.809 1.616 0.941 0.949 0.726 0.849 0.691
ETTm1 0.322 0.382 0.420 0.446 0.358 0.427 0.319 0.381 0.309 0.375
ETTm2 0.497 0.468 0.744 0.567 0.807 0.668 0.411 0.435 0.366 0.420
Weather 0.404 0.445 0.429 0.463 0.437 0.473 0.403 0.445 0.402 0.444

5.6. Hyperparameter Study

In this section, we analyze the effect of the two key hyperparameters α and β using
the ETT and Weather datasets.

The parameter α balances the trend-oriented and seasonality-oriented objectives in the
loss function. This weighting can be viewed as a scalarization of a bi-objective optimization
problem, where the model must simultaneously capture low-frequency trend structure
and high-frequency seasonal structure. Without such a balancing mechanism, the two
branches contribute gradients of different scales, which can bias optimization toward either
trend-only or seasonality-only representations. From a spectral perspective, α modulates
the relative emphasis on low-frequency versus high-frequency components.

The hyperparameter β controls the allocation of residual components during Seasonal
Decomposition by adjusting the proportion of noise assigned to trend versus seasonality.
Larger β increases residual contribution to the trend, while (1 − β) increases residual con-
tribution to seasonality. This mechanism allows the decomposition to adapt to datasets
with different sampling rates and variance characteristics. To examine how these hyper-
parameters interact, we evaluate all combinations of α and β within the range [0.1, 1.0] in
increments of 0.1.

Figure 4 shows the results for ETTh1 and ETTh2, both hourly electricity datasets with
pronounced seasonal patterns. The optimal configuration occurs at α = 1.0 and β = 0.2,
indicating that emphasizing seasonality while allocating minimal residual noise to the
trend yields the best performance. This observation aligns with the fact that ETTh1 and
ETTh2 exhibit strong periodic behavior, making seasonal structure more informative than
residual short-term fluctuations.

(a) (b)

Figure 4. Heatmaps of (a) ETTh1 and (b) ETTh2 showing forecasting error across combinations of α

and β. Values represent MSE averaged across prediction horizons (lower is better). Colors correspond
to error magnitude, with cooler colors indicating lower error and warmer colors indicating higher
error; the colorbar denotes the quantitative scale.
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Figure 5 illustrates the effect on ETTm1 and ETTm2, which are recorded at 15-min
intervals and contain more high-frequency variation. The best performance occurs at
(α, β) = (0.6, 0.2) for ETTm1 and (α, β) = (0.8, 0.1) for ETTm2, suggesting that a higher
residual contribution and moderate seasonal emphasis are beneficial for high-frequency
data. This confirms the optimization viewpoint that α governs the trade-off between
fine-scale and periodic information, while β adapts decomposition to the underlying
noise characteristics.

Finally, Figure 6 presents results for the Weather dataset, which contains meteoro-
logical variables exhibiting complex variability and irregular fluctuations. The optimal
configuration is (α, β) = (0.1, 0.3), indicating that limited seasonal emphasis and higher
residual allocation are more effective. This is consistent with the less reliable periodic
structure in meteorological time series and the presence of abrupt short-term changes.

(a) (b)

Figure 5. Heatmaps of (a) ETTm1 and (b) ETTm2 showing forecasting error across combinations of α

and β. Values represent MSE averaged across prediction horizons (lower is better). Colors correspond
to error magnitude, with cooler colors indicating lower error and warmer colors indicating higher
error; the colorbar denotes the quantitative scale.

Figure 6. Heatmap of Weather dataset showing forecasting error across combinations of α and β.
Values represent MSE averaged across prediction horizons (lower is better). Colors correspond to
error magnitude, with cooler colors indicating lower error and warmer colors indicating higher error;
the colorbar denotes the quantitative scale.
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Taken together, these results validate that α and β encode interpretable trade-offs
rather than heuristic tunings. The former corresponds to multi-objective balancing in the
spectral domain, while the latter adjusts decomposition noise allocation. Different datasets
favor different settings depending on sampling rate, periodicity, and variability, supporting
the motivation for a flexible weighted decomposition design.

6. Limitations and Future Work
While TSCL achieves promising forecasting performance across benchmark datasets,

several limitations and opportunities for further research should be noted. First, the em-
pirical results indicate that TSCL benefits from datasets exhibiting clear seasonal or trend
structure, where decomposition enhances feature learning. In contrast, highly irregular or
sparse domains may require additional mechanisms for handling missingness, temporal
alignment, or abrupt regime changes.

Second, our evaluation focuses on regularly sampled multivariate time series from
the energy and meteorological domains. Many real-world applications in healthcare,
finance, and telemetry involve irregular sampling, sparse observations, and cross-variable
dependencies. Extending TSCL to such settings represents an important direction for
increasing its practical applicability.

Third, TSCL is introduced as a self-supervised representation learning framework
rather than a new forecasting backbone. Although the experimental evaluation includes
representative contrastive learning baselines and end-to-end forecasting models, a broader
comparison against the expanding family of Transformer-based forecasting architectures
(e.g., Autoformer, FEDFormer) would provide a more comprehensive performance land-
scape. Conducting such comparisons or integrating TSCL representations with these
backbones constitutes a natural direction for future work.

Fourth, the decomposition step assumes additive interactions between trend and sea-
sonal components. Although standard in classical time-series analysis, nonlinear seasonal
behavior and structural breaks may require adaptive or learnable decomposition strategies.

Fifth, TSCL focuses on point forecasting accuracy. Many operational applications
benefit from uncertainty quantification or probabilistic forecasting; incorporating such
objectives remains for future work.

Finally, while TSCL removes negative-pair construction through a Siamese objective,
the broader relationship between negative-pair strategies and downstream generalization
remains task-dependent and not empirically settled. A systematic comparison of negative-
pair formulations constitutes a promising direction for future investigation.

Decomposition-based contrastive learning may be particularly useful in domains
characterized by periodic or quasi-periodic behavior, including energy demand, environ-
mental monitoring, and transportation forecasting. Overall, these limitations highlight
opportunities to broaden the robustness, scope, and real-world applicability of TSCL in
future research.

7. Conclusions
This paper presents the Trend-Season Contrastive Learner (TSCL), a decomposition-

based self-supervised framework for multivariate time-series forecasting. By leveraging
seasonal decomposition, a learnable Fourier layer, and a Siamese contrastive objective,
TSCL learns seasonally informed representations that benefit downstream forecasting tasks.

Extensive experiments on five real-world datasets demonstrate that TSCL improves
forecasting accuracy compared to existing contrastive learning methods and end-to-end
forecasting models. In terms of aggregated performance across datasets and forecasting
horizons, TSCL achieves the lowest average error (MSE = 0.489, MAE = 0.488), outper-
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forming SimTS (MSE = 0.639, MAE = 0.553), CoST (MSE = 0.685, MAE = 0.575), TS2Vec
(MSE = 0.815, MAE = 0.634), and TNC (MSE = 0.948, MAE = 0.686), as well as end-to-end
baselines such as Informer and TCN. These results indicate that seasonally structured
representations contribute to more robust forecasting performance, particularly at medium
and long prediction horizons.

Together, the decomposition and contrastive learning components provide a principled
approach to capturing both periodic and slowly varying patterns in multivariate time series.
The findings suggest that decomposition-based self-supervised learning is a promising
direction for representation learning in forecasting applications.
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