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Abstract

In this paper, we pioneer the idea of implicit decomposition. And based on this idea,
we propose a powerful decomposition-based enhancement framework, namely De-
compNet. Our method converts the time series decomposition into an implicit
process, where it can give a time series model the decomposition-related knowl-
edge during inference, even though this model does not actually decompose the
input time series. Thus, our DecompNet can enable a model to inherit the perfor-
mance promotion brought by time series decomposition but will not introduce any
additional inference costs, successfully enhancing the model performance while
enjoying better efficiency. Experimentally, our DecompNet exhibits promising
enhancement capability and compelling framework generality. Especially, it can
also enhance the performance of the latest and state-of-the-art models, greatly
pushing the performance limit of time series forecasting. Through comprehen-
sive comparisons, DecompNet also shows excellent performance and efficiency
superiority, making the decomposition-based enhancement framework surpass
the well-recognized normalization-based frameworks for the first time. Code is
available at this repository: https://github.com/luodhhh/DecompNet.

1 Introduction

Time series forecasting is widely used in various real-world scenarios (e.g., transportation manage-
ment [4]], industrial monitoring [35} 25| 26]], energy planning [36l [29]] and weather forecasting [40Q]),
helping the society make better decisions. Because of the immense practical value, various time
series models are developed in recent years, bringing great prosperity to time series forecasting
(391 28 [11 24, 27]).

Apart from the proposal of time series models, designing model-agnostic enhancement frameworks
is another hot research topic. Enhancement frameworks can assist the existing time series models
to handle the non-stationary issue in time series data, effectively improving their performance.
And recently, the research of enhancement frameworks is still dominated by normalization-based
methods [[11, 20L 19, 143]].

On the other hand, time series decomposition is also a powerful tool to handle the non-stationary
issue [[10} 134], because it can unravel the entangled temporal patterns in raw time series and highlight
the stationary components, making it easier to capture the temporal dependency. However, there is
still no popularized enhancement framework based on time series decomposition. This can be
attributed to the following reasons: (i) Less framework generality. Previous decomposition-based
methods are only designed as specific time series models, not meeting the needs of model-agnostic
frameworks. (i) Severe efficiency issues. As shown in Figure[I|(a.1), previous decomposition-based
methods need to explicitly decompose the time series into seasonal and trend components and
maintain two expert models (namely seasonal model and trend model) for inference. This process
will multiple the computation and inevitably introduce additional inference costs. Considering the
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Figure 1: (a) Comparison between implicit decomposition and explicit decomposition. (b) Method
overview of our DecompNet.

budget on compute and latency, these previous explicit decomposition methods are too costly to be
an ideal enhancement framework.

Targeted to these issues, we propose the idea of implicit decomposition, in which we aim to give a
time series model the decomposition-related knowledge during inference, even though it does not
actually decompose the input time series. As shown in Figure [l (a.2), our idea brings following
advantages, meeting the needs of a powerful enhancement framework: (i) Efficiency. We only deploy
one enhanced model for inference and no more need to explicitly decompose the input time series,
successfully solving the efficiency issue in previous explicit decomposition methods. (ii) Performance.
Although directly handling the undecomposed input time series, the enhanced model can still utilize
the already-injected decomposition-related knowledge to enhance the performance. (iii) Framework
generality. We can inject the decomposition-related knowledge into any time series models, regardless
of the model-specific macro designs, nicely meeting the needs of model-agnostic frameworks.

Based on this idea, we propose a powerful decomposition-based enhancement framework named
DecompNet. Technically, as shown in Figure|l|(b), when given a time series model to be enhanced,
we first pretrain two copies of it on the decomposed seasonal and trend data, helping them grasp
the decomposition-related knowledge and making them to be the seasonal and trend expert models.
Then we fuse these two expert models back as one single model, merging all of their decomposition-
related knowledge into the fused model. In this way, we make it to inject the decomposition-
related knowledge into a single model (i.e., the fused model). And this model can be seen as an
enhanced version of the original given model. During inference, since the decomposition-related
knowledge has been injected into the fused model, it can utilize the decomposition-related knowledge
to enhance the performance without actually decomposing the input time series, enjoying great
performance improvement while not introducing any additional inference costs. Experimentally,
when compared with other enhancement frameworks and explicit decomposition methods, our method
shows comprehensive superiority in performance, efficiency, enhancement capability and framework
generality. Especially, our method can also enhance the performance of the latest and state-of-the-art
models, greatly pushing the performance limit of time series forecasting. Our contributions are:

* We pioneer the idea of implicit decomposition and provide guidance to upgrade the time
series decomposition into a model-agnostic enhancement framework. Based on this idea,
we propose a powerful decomposition-based enhancement framework called DecompNet,
which features two key designs: Seasonal-Trend Re-parameterization and decoupled training
strategy.

* DecompNet shows promising enhancement capability, framework generality and perfor-
mance superiority, making the decomposition-based enhancement frameworks surpass the
well-recognized normalization-based frameworks for the first time.

* Our method can enhance the model performance without introducing any additional infer-
ence costs, enjoying totally the same inference costs as the original model. This inference-
cost-free property demonstrates the efficiency superiority of our method.

* As a brand new idea, our implicit decomposition can bring some fresh perspectives and
provide a better solution to the classic research topic of time series decomposition.



2 Related Work

2.1 Time Series Decomposition

Time series decomposition is an important technique in time series community. In the latest
decomposition-based methods, the mainstream procedure is to decompose the time series into
seasonal and trend components and process them with two expert models respectively. In terms of
specific implementations, most methods adopt the classic moving average to decompose the time
series [45,146]. As an improvement, [|37]] adopts a multi-kernel decomposition and [44] proposes a
learnable decomposition. Besides, [38] proposes to decompose the time series in frequency domain.
However, these explicit decomposition methods are mainly designed as specific time series models
and cannot serve as model-agnostic enhancement frameworks. To fill this gap, we pioneer the
idea of implicit decomposition, providing guidance to upgrade the time series decomposition into a
model-agnostic enhancement framework. Please refer to Appendix [F-1] [F.2} [F:3] for more discussion.

2.2 Time Series Enhancement Framework

Time series enhancement framework can assist time series models to solve the non-stationary issue in
time series data and improve their performance. The mainstream enhancement frameworks can be
categorized as normalization-based and prior-based ones. In detail, normalization-based frameworks
can alleviate the non-stationary issue from the perspective of statistical measures [[11} 9] [20] i43].
And prior-based frameworks can also improve the model performance, provided that the periodicity
prior of a dataset is known in advance [15} |16]. In this paper, we establish a new category of
decomposition-based enhancement framework and propose DecompNet as its representative, which
can greatly improve the model performance and bring completely no additional inference costs.

It’s worth noting that, previous studies generally consider normalization-based enhancement frame-
works as better solutions for the non-stationary issue [9} 20,43]]. And we are the first to propose a
decomposition-based enhancement framework that achieves better performance than normalization-
based ones, which is a great breakthrough in this direction. More discussion is in Appendix [F:4]

2.3 Structural Re-parameterization

Structural re-parameterization is a methodology to convert model structures via fusing model param-
eters. For example, [6} 8} [7, [17, [23]] adopt structural re-parameterization to simplify the structure
of multi-branch convolution networks, which is achieved by fusing the multi-branch part as one
single branch, successfully solving their efficiency issues while maintaining their performance.
M2PT [47] further extends its application to fusing two individual neural networks, which is achieved
by fusing each of the layers at corresponding positions of two models. As a variant of structural
re-parameterization specially designed for implicit decomposition, we propose Seasonal-Trend
Re-parameterization in this paper, which brings efficiency superiority to our method.

3 DecompNet

3.1 Preliminaries

Time Series Forecasting Given a length-I multivariate time series with M variates as input, time
series forecasting aims to predict the length-T" future series (\? € RT*M) based on this length-I
input series (X € R?*M), To bring better forecasting performance, we propose a model-agnostic
enhancement framework, namely DecompNet, to assist existing time series forecasters, which
can effectively improve their performance and greatly push the performance limit of time series
forecasting.

Time Series Decomposition Time series decomposition is mainly carried out based on moving
average. In detail, we first smooth out the raw time series and obtain the trend component. Then
we obtain the seasonal component by subtracting the estimated trend component from the raw time
series. For a length-I input time series X € R?*M  the decomposition process can be formulated as:

X = AvgPool(Padding(X)) (1)
X, =X-X; 2
where X, X; € R’*M denote the seasonal and the trend components, respectively. We adopt the
AvgPool(+) for moving average and set the moving average window size as 25 by default. And

we adopt the Padding(-) operation to keep the series length unchanged, which is employed using
terminal values. For simplicity, we use X, X; = SeriesDecomp(X) to summarize above equations.



3.2 Framework Overview

Figure 1] (b) shows the overall workflow of DecompNet. During training, the main purpose of our
method is to give a model the decomposition-related knowledge and enhance its performance. And
we propose a "first-decouple-then-fuse" multi-stage training process to achieve this goal.

When given a time series model to be enhanced, we first pretrain two copies of it on the decomposed
seasonal and trend data, helping them grasp the decomposition-related knowledge and making them
to be the seasonal and trend expert models. During this pretraining stage for two expert models,
we propose a decoupled training strategy to help them better grasp the decomposition-related
knowledge, which will be introduced in Section [3.3]

Then we fuse these two pretrained expert models back as one single model, merging all of their
decomposition-related knowledge into the fused model. In this way, we make it to inject the
decomposition-related knowledge into a single model (i.e., the fused model). And this fused model
can be seen as an enhanced version of the original given model. And the key design of this fusion
stage is Seasonal-Trend Re-parameterization, a variant of structural re-parameterization specially
designed for our implicit decomposition, which will be introduced in Section [3.4]

During inference, we only deploy this single fused model for inference and no more need to explicitly
decompose the input time series. Since the decomposition-related knowledge has been injected into
the fused model, it can utilize the decomposition-related knowledge to enhance the performance
without actually decomposing the input time series. Thus, our method can enhance the model
performance without introducing any additional inference costs, enjoying totally the same inference
costs as the original model.

3.3 Decoupled Training Strategy

We propose a decoupled training strategy to bet-
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Y, = Model,(X;) (5)

where Model, and Model; are the seasonal model and trend model respectively. And ?57 ?t €
RT*M denote the predicted seasonal output and trend output.

Then in terms of loss calculation, we also decompose the ground truth Y to obtain the seasonal
ground truth and trend ground truth, denoted as Y, Y; € RT*M Then we can calculate losses
for the seasonal part and trend part separately, which are £, and £;. In this way, our strategy can
provide separate supervision signals for two expert models, making two models trained in a decoupled
manner:

Y, Y: = SeriesDecomp(Y) (6)
Lo=|Ys— Y3 (7)
L= Y= Y3 (®)

Advantages of Decoupled Training Strategy The goal of decomposition-based methods is to
train two expert models specialized in the trend prediction task and seasonal prediction task, respec-
tively. By decoupling the training objective from the previous whole-series prediction task into a



seasonal prediction task and a trend prediction task, our strategy can provide more direct and clearer
supervision signals for two expert models, thus bringing better training results and fully unleashing
the performance potential of decomposition-based methods. And our strategy can also contribute to
faster convergence, since it unravels Y into more predictable components and makes the training
process easier. Please refer to Appendix [D|for details.

3.4 Seasonal-Trend Re-parameterization
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Figure 3: Illustration of Seasonal-Trend Re-parameterization. (a) The actual structure of two
pretrained expert models, which infers in an explicit decomposition manner and suffers from heavier
inference costs. (b) The conceptual structure for extra training of A. (c) The final deployed structure.
It infers in an implicit decomposition manner, thus solving the efficiency issue.

After above decoupled pretraining, if we directly deploy the two pretrained expert models for inference
in an explicit decomposition manner (Figure 3] (a)), it will bring heavier inference costs. To solve this
efficiency issue, we propose Seasonal-Trend Re-parameterization to fuse these two expert models
and convert the decomposition process into an implicit manner.

Fusion of linear layers As shown in Figure [3| we start from the fusion of two one-layer expert
models to introduce our Seasonal-Trend Re-parameterization. Let X5, X; be the seasonal and trend
inputs decomposed from input series X. And let W, and W, be the weight matrices for the linear
layers in seasonal model and trend model, respectively. If we directly deploy these two expert models
for inference in an explicit decomposition manner (Figure 3] (a)), we have:

Y = X, W, + X, W, )

Here, we use the matrix multiplication between an input data and a weight matrix to indicate the
forward process in a linear layer. And we omit the bias term for brevity.

We observe that X = X, + X, (Equation[2). So the data part is naturally mergeable. And if the
weight matrix part can also be merged, we can convert above explicit decomposition into an implicit
manner (Figure[3](c)). Inspired by [47], we propose Seasonal-Trend Re-parameterization to achieve
this goal, where we intent to find a learnable fusion factor )\ to fuse the two pretrained weight
matrices W, W, as a single matrix W, letting W = W + AW, and making following target hold:

Y = X, W, + X, W,
= (X5 + X)) (W + AWy)
= X(W, +\W,)
=XW

(10)

From above process, we make it to convert the explicit decomposition into an implicit process,
in which we can directly process the undecomposed raw time series X and only need to deploy
one linear layer with W as the weight matrix for inference (Figure [3|(c)). This linear layer is the
fusion of the two linear layers from seasonal and trend models, so it can inherit their pretrained
decomposition-related knowledge to enhance its performance.



To make our target described in Equation[I0|hold, we should introduce an extra training process

to learn the optimal fusion factor ), as suggested by [47]. In detail, since we have Y = X(W +
AW,;) = XW, + AXW, according to Equation we can convert the actual structure of two expert
models (Figure|3|(a)) into a conceptual structure for this extra training process (Figure|3| (b)), where
both expert models turn to directly receive the raw time series X as inputs, and the output is their
weighted sum scaled by A. In this stage, we let W, and W, continue to be trained along with \.
Since W, and W, are already well pretrained by decomposition-related knowledge, it helps to make
this extra training process converge quickly.

After above extra training, we merge the parameters by computing W = W, + AW, and only save
this fused model parameterized by W. Thus we only need to deploy one model for inference and
no longer explicitly decompose the input series, making our method not introduce any additional
inference costs, successfully solving the efficiency issue.

Note that the fusion logic of convolution layer is similar to linear layer [42]], since the forward process
in a convolution layer can be indicated by the convolution operation between an input data and a
weight matrix, which is similar to the matrix multiplication operation in the forward process in a
linear layer. So we can realize the fusion of convolution layers in a similar way we fuse linear layers.

Fusion of complicated models Based on some foundational researches on structural re-
parameterization [47]], we can achieve the fusion of two individual neural networks by fusing
each of their layers at corresponding positions.

And specifically for time series community, most of the complicated models are built upon linear
layers. For example, the embedding layer, the prediction head and the backbone in MLP-based
models are all made up of linear layers. Similarly, the backbone in convolution-based models are
made up of convolution layers. For more complicated Transformer-based models, their learnable
parameters are also within linear layers (e.g., QKV and output projections in the attention block
and those in the FFN block). Thus, by applying Seasonal-Trend Re-parameterization to fuse each
corresponding linear or convolution layer, we can realize the fusion of two complicated expert models.
And in this fusion process, A factors are learned independently for each layer.

In this paper, our fusion mechanism relies on strict layer-wise alignment and the prerequisite for
our fusion process is that the two expert models must have the same model architecture. And this
prerequisite definitely holds true in this paper, since the two expert models in our fusion process are
two copies of the same original model, ensuring that they definitely have the same architecture. It
will be our future work to further study on how to handle the architectural mismatches during fusion.
Please see Appendix |Q|for more details.

4 Experiments

In this section, we conduct extensive experiments to evaluate the effectiveness of our DecompNet. In
particular, we investigate the enhancement capability of DecompNet by integrating it with various
advanced time series backbone models in Section[d.I] compare our DecompNet with other enhance-
ment frameworks in Section[4.2]and compare our idea of implicit decomposition with the previous
idea of explicit decomposition in Section4.3] See Appendix [A]and [C]for details of experimental
setups. Please also refer to Appendix [S|for visualization showcases and forecasting examples.

4.1 Main Results

Setups We conduct long-term forecasting experiments on 8 popular real-world benchmarks, in-
cluding Weather [40], Traffic [33]], ECL [36], Solar-Energy [29]] and 4 ETT datasets [48]]. Following
the previous settings, we set prediction lengths as {96, 192, 336, 720} and fix the input length as 384.
We calculate the mean squared error (MSE) and mean absolute error (MAE) of multivariate time
series forecasting as metrics. In all experiments, we set the moving average window size as 25 for
time series decomposition during the decoupled pretraining stage. And we provide the parameter
sensitivity study in Section .5} Our method is trained with the L2 loss, using the ADAM optimizer
with an initial learning rate in {1073,5 x 10~4,107*}. The default training process is 30 epochs
with proper early stopping (i.e., we set the maximum epoch as 30 and set the early stop patience as 3).
More datasets details and implementation details are in Appendix [B]and [C|

Backbone Models DecompNet is a model-agnostic enhancement framework and can be applied
to any time series forecasters. To better prove our enhancement capability, we adopt following



representative forecasters as strong backbone models, including the Transformer-based models:
PatchTST [30], iTransformer [18]]; the MLP-based models: RLinear, RMLP [14] and the Convolution-
based model: ModernTCN [23]). The selection criterion of backbone models are in Appendix [C]

Results  As shown in Table[I] DecompNet consistently enhances the performance of all backbone
models by a large margin. For instance, on Solar, ETTh1, and Traffic datasets, the average MSE
performance improvements are rather substantial: 8.0%, 6.4% and 6.1% respectively. Note that these
performance promotions are brought by time series decomposition. It proves that our DecompNet
can really inherit the performance promotion obtained from time series decomposition even though
not actually decomposing the input time series, verifying the feasibility and soundness of our idea of
implicit decomposition.

It is worth noting that the selected backbone models have already achieved the previous state-of-
the-art performance by themselves. And our framework can still further improve their performance,
which can truly reflect our strong enhancement capability. Meanwhile, the backbone models cover
the mainstream types of time series forecasters and our DecompNet brings consistent performance
enhancement to them, which can firmly prove our framework generality. Moreover, by improving the
performance of these state-of-the-art models, this paper greatly pushes the performance limit of time
series forecasting, setting a new standard for future researches.

Table 1: Performance promotion obtained by our DecompNet framework in long-term forecasting
tasks. We adopt five mainstream state-of-the-art time series forecasters as backbone models. A lower
MSE or MAE indicates a better performance and the best results are in bold. Results are averaged
from four prediction lengths 7" € {96, 192, 336, 720}. See Tablein Appendix for full results.
And we also report the full error bar in Appendix |I, which can verify that the improvement in our
main result is meaningful and is not due to chance.

Models | PatchTST | iTransformer | RLinear | RMLP | ModernTCN

Original +DecompNet| Original +DecompNet
130 (Ours) 18 (Ours)

Original +DecompNet| Original +DecompNet
|14 (Ours) |14 (Ours)

Original +DecompNet

Settings 23 (Ours)

Metric

|MSE MAE|MSE MAE |MSE MAE|MSE

MAE |MSE MAE|MSE MAE |MSE MAE|MSE

MAE |MSE MAE|MSE MAE

ETThl

[0.418 0.433(0.403 0.421 |0.461 0.464(0.417

0.435 |0.415 0.428(0.410

0.422 {0.482 0.469]0.423

0.430 [0.403 0.419/0.387 0.411

ETTh2

[0.349 0.391[0.346 0.387 [0.377 0.412|0.344

0.389 |0.354 0.397|0.338

0.383 [0.364 0.401/0.347

0.390 |0.328 0.382]0.312 0.373

ETTml

0355 0.385(0.345 0.380 [0.372 0.399/0.358

0.385 |0.364 0.381]0.359

0.377 [0.371 0.3940.355

0.383 [0.365 0.386/0.354 0.379

ETTm2

[0.262 0.319(0.257 0.314 |0.274 0.332|0.262

0.321 |0.259 0.316]0.255

0.312 {0.271 0.326/0.259

0.318 [0.261 0.3200.254 0.314

Weather

[0.227 0.264(0.224 0.261 |0.235 0.272|0.229

0.268 |0.246 0.281]0.235

0.275 {0.244 0.279]0.239

0.275 {0.233 0.2700.231 0.266

Solar-Energy|0.218 0.3170.199 0.257 |0.212 0.272(0.204

0.259 |0.256 0.323]0.227

0.274 |0.231 0.294(0.214

0.249 |0.218 0.306]0.200 0.258

ECL

[0.163 0.260(0.161 0.260 [0.172 0.271{0.168

0.264 |0.178 0.275(0.168

0.259 {0.172 0.265/0.165

0.258 [0.168 0.264/0.159 0.258

Traffic

[0.410 0.288]0.387 0.268 |0.428 0.320]0.395

0.280 [0.453 0.314]0.425

0.286 |0.436 0.308(0.413

0.285 |0.417 0.2930.394 0.275

4.2 Compared with Other Enhancement Frameworks
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Figure 4: Comparison of our DecompNet with other enhancement frameworks. (a) and (b) Perfor-
mance comparison. A lower MSE (a shorter bar) means better performance. Results are averaged
from 8 datasets. See Appendix [R:3|for full results. (c) Efficiency comparison. We conduct experi-
ments in Traffic dataset under input-384-predict-96 setting. A smaller memory usage and a lower
inference time indicate better efficiency. (d) Performance under different input lengths. We conduct
experiments in Traffic dataset and fix the prediction length as 96.

Setups We compare our DecompNet with other time series enhancement frameworks, including the
popular normalization-based frameworks: Dish-TS [9], SAN [20], FAN [43] and the latest prior-based
frameworks: SparseTSF [16], CycleNet [15]]. And we adopt RLinear [[14] and PatchTST [30] as
backbone models for this comparison.



Performance Comparison Figure {4|(a) and (b) show the excellent performance superiority of
DecompNet. Concretely, our DecompNet achieves the best performance among existing enhancement
frameworks and brings the best enhancement effects to all backbone models. In detail, DecompNet
is the first decomposition-based method that outperforms the well-recognized normalization-based
methods, which is a great breakthrough in this direction. And DecompNet also surpasses the latest
prior-based methods. For instance, when using PatchTST as the backbone model, DecompNet
achieves the best performance with an average MSE of 0.290, obtaining an average of 6.3% MSE
reduction than the latest prior-based methods in all datasets. Besides, as an advantage over these
prior-based methods, our method can perform well without the need of any prior information about
the dataset, thus being suitable for a wider range of application scenarios.

Framework Generality Comparison Although normalization-based enhancement frameworks
can work well on the simple backbone model like RLinear [14]), they fail to enhance the performance
of more advanced backbone model like PatchTST [30]. As shown in Figure E] (b), combining
normalization-based frameworks with PatchTST brings negative effects, making their performance
even worse than the original model’s. By contrast, our DecompNet can bring consistent performance
promotion to both kinds of backbone models, showing better framework generality. And we’d like
to highlight that our method is currently the only one that can improve the performance of more
advanced backbone models, which is a unique advantage that sets us apart from other competitors.

According to previous studies [30, 23], the more advanced backbone models can learn to handle the
statistical informaition by themselves. As a result, the normaliztion-based enhancement framework,
which also works from the perspective of statistical informaition, is not necessary for these advanced
backbone models. By contrast, our results indicate that existing backbone models still fail to obtain
the decomposition-related knowledge on their owns. Therefore, the external assistance from our
decomposition-based enhancement framework is still needed.

Efficiency Comparison We comprehensively compare the forecasting performance and inference
costs (i.e., inference speed and memory usage) of the selected enhancement frameworks. And the
results are shown in Figure [d] (c). When bringing the best enhancement effect to the backbone model,
our method has totally the same inference speed and memory usage as the original model, proving
that our method can greatly improve the forecasting performance and bring completely no additional
inference costs. Our efficiency superiority can be credited to the idea of implicit decomposition.
Since we don’t need to explicitly decompose the input series for inference, it can greatly improve our
efficiency. As a comparison, other enhancement frameworks need to explicitly extract the periodic,
statistical or frequency information of the input series for inference, which inevitably brings more
memory usage and inference time, making them less efficient.

Robustness to Vary Input Length  As shown in Figure d](d), all enhancement frameworks gain
continuous performance improvement with the increasing input length, validating their effectiveness in
extracting useful information from longer history. Overall, our method achieves the best performance
under most input lengths, demonstrating our great adaptability to vary input lengths and highlighting
our performance superiority.

Conclusion In conclusion, DecompNet achieves the best in both performance and efficiency. And
our method also enjoys a wider range of applicability since it doesn’t require any prior information
of the dataset. These results validate that our DecompNet is an ideal enhancement framework to
solve the non-stationary issue in time series data. Besides, the success of DecompNet makes the
decomposition-based enhancement frameworks surpass the well-recognized normalization-based
methods for the first time. This breakthrough reveals the great potential of decomposition-based
methods, which can encourage further studies in this direction.

4.3 Compared with Explicit Decomposition

Setups Our DecompNet is designed based on the idea of implicit decomposition, which is a brand
new idea to apply decomposition in time series forecasting. And our implicit decomposition holds
very different opinions from the previous idea of explicit decomposition. To provide an adequate
comparison of these two design ideas, we compare our DecompNet with some latest and representative
explicit decomposition methods, i.e., MICN [37] and Leddam [44]. Please refer to Appendix E]for
a detailed introduction of their model structures and data processing pipelines.

Overall Comparison As shown in Figure 5| (a), our implicit decomposition outperforms the previ-
ous explicit decomposition by a large margin in all datasets, indicating that our implicit decomposition
is a better solution to apply decomposition in time series forecasting.
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Component-wise Analysis To clearly demon-
strate where our performance superiority comes
from, we also gradually modify these explicit
decomposition methods with our implicit de-
composition designs. The results are in Figure
[ (b). And we have some interesting findings
that challenge the commonly held belief in pre-
vious decomposition-based methods, which are
as follows:

| (b) Modifications on Explicit Decomposition

p ines
e MICN

(1) What contributes to better performance?
Previous explicit decomposition pays more at- (@ Performance Comparison on § Datases
tention on data processing, while our implicit

decomposition focuses more on model training. Figure 5: (a) Performance (average MSE results)
To provide a comparison, we remove the so- comparison with explicit decomposition methods
phisticated data processing in previous explicit ©on 8 datasets. (b) Modifications on explicit de-
decomposition methods and apply our decou- composition methods with our implicit decomposi-
pled training strategy to them. We observe great tion designs. Results are further averaged from 8
performance improvement after this modifica- datasets. Full results are in Appendix[R.2]

tion (14.7% promotion in MICN and 6.3% in

Leddam), which can prove the importance of model training, highlighting that a better training
strategy is the key to fully unleash the performance potential of decomposition-based methods, not
the more sophisticated data processing.

(2) Do the two expert models have to use different model structures? The two expert models
in our implicit decomposition have the same model structure, since they are actually two copies
of the same original model. But previous explicit decomposition advocates to use different model
structures in two expert models and consider it as a prerequisite to handle the different nature in
seasonal and trend components. We also re-examine this advocacy and surprisingly find that using
the same model structure does not result in performance degradation. We attribute this finding to
our decoupled training strategy, since it can better train the two expert models and fully realize the
strong representation capabilities within neural networks, making them able to capture the meaningful
seasonal and trend representations even with same model structure. This finding verifies the feasibility
to use same model structure in two expert models, paving the way to improve the efficiency by our
Seasonal-Trend Re-parameterization.

Conclusion In this section, we conduct comprehensive comparisons and prove that our implicit
decomposition is a better idea to apply decomposition in time series forecasting. Meanwhile, we
re-examine many well-established practices in existing decomposition-based methods and reveal that
they are not optimal choices, making the research on time series decomposition still an open question.
We hope these new findings can prompt people to rethink this classic research topic and design more
innovative methods for time series decomposition.

4.4 Ablation Study

Inférence Time Inférence Time

+ Decoupled Training Strategy
Comparison: + Joint Training Strategy

+ Decoupled Training Strategy
Comparison: + Joint Training Strategy

+ Seasonal-Trend Re-parameterization
(Ours)

+ Seasonal-Trend Re-parameterization
(Ours)

Performance (MSE) 0385 0395 0405 Performance (MSE) 0385 0395 0405

(a) Ablation results in Traffic dataset using as backbone model (b) Ablation results in Traffic dataset using as backbone model

Figure 6: Ablation study. A lower MSE and inference time (a shorter blue bar and a green star closer
to the vertical axis) indicate better performance and efficiency. More results are in Appendix

To validate the effectiveness of our designs, we start from an original model and gradually enhance it
by adding our designs step by step. And we provide the trajectory going from the original model to
its enhanced version in Figure 6]

Decoupled Training Strategy We first obtain two copies of the original model and train them
to be the expert models for seasonal and trend prediction tasks. And we directly deploy these two
expert models for inference in an explicit decomposition manner without fusion. We observe great



performance improvement when using our decoupled training strategy, while using joint training
strategy results in less performance promotion. This result proves that our decoupled training strategy
is a better strategy to fully unleash the performance potential of decomposition-based methods.

Seasonal-Trend Re-parameterization Secondly, the fusion by our Seasonal-Trend Re-
parameterization can greatly improve the efficiency. And it causes no performance degradation,
indicating that our Seasonal-Trend Re-parameterization can assist the fused model to successfully
inherit the decomposition-related knowledge. Meanwhile, we observe that Seasonal-Trend Re-
parameterization can bring further performance promotion in some datasets, since the trainable fusion
factor A helps to fuse the seasonal and trend knowledge in a more appropriate proportion than the
direct summation in explicit decomposition.

After equipped with all our designs, the final model can be seen as the enhanced version of the
original model, enjoying better performance and having totally the same inference costs (e.g., in
traffic dataset, it can boost the performance from 0.410 to 0.387 under the same inference time
322ms), which verifies the necessity and effectiveness of our decomposition-based enhancement
framework.

4.5 Parameter Sensitivity

Moving average window size is the only tunable parameter for our framework, which is used in time
series decomposition during our decoupled pretraining stage. We perform its parameter sensitivity
study in Figure[7] The results show that our method is robust to the choice of moving average window
size. And using the default value of 25 can provide ideal performance across various datasets.

—— e ———t 0.40
035 e
035
030
030
= 025 —— ETTh1 = —— ETTh1
= ETTm1 = ETTm1
—&— Solar 025 —&— Solar
—— Traffic —— Traffic
020 —e— Weather —e— Weather
0.20
———
0.15 1~ g——pr . . ——¢— o —o——
015
7 13 25 49 73 97 121 145 169 7 13 25 49 73 97 121 145 169
Moving Average Window Sizes Moving Average Window Sizes
Backbone Model: PatchTST Backbone Model: RLinear

Figure 7: Parameter sensitivity. We conduct experiments under input-384-predict-96 settings, adopt-
ing PatchTST [30] and RLinear [14] as backbone models.

4.6 Training Efficiency

In addition to the excellent inference efficiency, our method also enjoys nice training efficiency. As
stated in Section and[3.4} the decoupled pretraining process for two expert models and the extra
training process for fusion can converge quickly, making the total training cost of our method
comparable to the original model. Please refer to Appendix [E.I| for detailed experimental evidence.

5 Conclusion and Future Work

In this paper, we pioneer the idea of implicit decomposition and propose a powerful decomposition-
based enhancement framework named DecompNet. Our method can enable a time series model to
inherit the decomposition-related knowledge, even though this model is not actually decomposing
the input time series. Therefore, our DecompNet can greatly enhance the forecasting performance
of various time series models and bring no additional inference costs. Experimentally, DecompNet
demonstrates excellent enhancement capability and framework generality, greatly pushing the perfor-
mance limit of time series forecasting. Meanwhile, DecompNet also shows compelling performance
and efficiency superiority, making the decomposition-based enhancement framework surpass the
well-recognized normalization-based frameworks for the first time. We hope our exploration on
implicit decomposition can provide some fresh perspectives and facilitate the future researches in
both time series decomposition and time series enhancement frameworks.
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1. Claims

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

Answer: [Yes]
Justification: Please refer to Section [I]and Abstract.
Guidelines:
* 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: Please refer to Appendix [Q] And model efficiency is provided in Section4.2]
and Appendix
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
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* The answer NA means that the paper does not include theoretical results.
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 All assumptions should be clearly stated or referenced in the statement of any theorems.
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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.

4. 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: Please refer to Section 3] Sectiond} Appendix [A] Appendix [B]and Appendix
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to make their results reproducible or verifiable.
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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
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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.
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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.

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?
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Justification: Code is available at this repository: https://github.com/luodhhh/
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¢ 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: We have already provided experimental details and model settings in Section
Bl Section[d Appendix[Al Appendix [B]and Appendix[C]
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* 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: [Yes]
Justification: Please refer to Appendix
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).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

« 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: Please refer to Appendix [C]
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: Please refer to Appendix [P}
Guidelines:

e 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: Please refer to Appendix [P}
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

e 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.

18


https://neurips.cc/public/EthicsGuidelines

11.

12.

* 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]
Justification: The paper poses no such risks.
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: Please refer to Section ] Appendix [A] Appendix B} Appendix [C|and the
Reference. The baselines are mostly using Apache-2.0 license and MIT license. The
datasets we used are all extensively utilized for benchmarking and publicly available. We
provide the URL for the datasets in Appendix [B| And we are trying to reach out to the
dataset’s creators for the license information.

Guidelines:

e 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.

* 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.
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13.

14.

15.

* 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: Please refer to Section 3] Section[d, Appendix [A] Appendix B} Appendix
and Appendix

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|
Justification: The paper does not involve crowdsourcing nor research with human subjects.
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|
Justification: The paper does not involve crowdsourcing nor research with human subjects.
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.

* 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.
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* 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]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

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 Details of Experimental Setup

Datasets We conduct long-term forecasting experiments on 8 popular real-world benchmarks,
including Weather [40], Traffic [33], ECL [36], Solar-Energy [29] and 4 ETT datasets [48]]. More
details of these datasets are provided in Appendix [B]

Backbone Models DecompNet is a model-agnostic enhancement framework and can be applied
to any time series forecasters. To better prove our enhancement capability, we adopt following
representative forecasters as strong backbone models, including the Transformer-based models:
PatchTST [30]], iTransformer [[18]]; the MLP-based models: RLinear, RMLP [14]] and the Convolution-
based model: ModernTCN [23]]. The selection criterion for above backbone models are introduced in

Appendix [C]

Comprehensive Comparison To better prove our comprehensive superiority, we compare our
DecompNet with other time series enhancement frameworks in Section including the popular
normalization-based frameworks: Dish-TS [9]], SAN [20], FAN [43] and the latest prior-based
frameworks: SparseTSF [[16]], CycleNet [[15].

And we also compare our idea of implicit decomposition with the previous idea of explicit de-
composition in Section[4.3] including the latest and representative explicit decomposition methods:
MICN [37] and Leddam [44]].

More information of these methods adopted for comparisons are provided in Appendix [F.3]and [F4]

Evaluation We conduct long-term forecasting experiments for evaluation. Following the previous
settings, we set prediction lengths as {96, 192, 336, 720} and calculate the mean squared error (MSE)
and mean absolute error (MAE) of multivariate time series forecasting as metrics.

Meanwhile, to truly reflect the enhancement effects, we should ensure that each backbone model has
achieved its best performance. And according to previous findings [45} 114} 30, 21} 23} 22]], most of
the time series models achieve their best performance when the input length is longer than 300. Thus
we fix the input length as 384 to truly unleash the potential of backbone models and obtain strong
baselines, which can make our results more persuasive. More implementation details are in Appendix

(o]

B Datasets

Table 2: Detailed descriptions of multivariate datasets. The Dataset Size denotes the total number of
time points in (Train, Validation, Test) split respectively.

Dataset | Variates | Prediction Length | Dataset Size | Frequency | Information
ETThl | 7 | (96.192,336,720} | (8545,2881,2881) | Hourly | Electricity
ETTh2 | 7 | {96,192,336,720} | (8545,2881,2881) | Hourly | Electricity
ETTml1 | 7 | (96.192,336,720} | (34465,11521,11521) | 15min |  Electricity
ETTm2 | 7 | {96,192,336,720} | (34465,11521,11521) | 15min |  Electricity
Weather | 21 | (96.192,336,720} | (36792,5271,10540) | 10min | Weather
Solar-Energy | 137 | {96,192,336,720} | (36601,5161,10417) | 10min |  Energy
ECL | 321 | {96.192,336,720} | (18317,2633,5261) | Hourly | Electricity
Traffic | 862 | {96,192,336,720} | (12185,1757,3509) | Hourly | Transportation

We evaluate the multivariate long-term forecasting performance on 8 popular real-world datasets,
including Weather, Traffic, ECL, Solar-energy and 4 ETT datasets (ETTh1, ETTh2, ETTm1, ETTm2).
These datasets have been extensively utilized for benchmarking and cover many aspects of life.

The variate number, dataset size and sampling frequency of each dataset are summarized in Table
[2]. We follow standard protocol [48] and split all datasets into training, validation and test set in
chronological order by the ratio of 6:2:2 for the ETT datasets and 7:1:2 for the other datasets. And
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training, validation and test sets are zero-mean normalized with the mean and standard deviation of
training set. Each of above datasets only contains one continuous long time series, and we obtain
samples by sliding window.

More introduction of the datasets are as follows:

1) Weathelﬂ contains 21 meteorological indicators of Germany in 2020.

2) Trafﬁ(ﬂ contains the road occupancy rates measured by 862 different sensors on San Francisco
Bay area freeways in 2 years.

3) ECL(ElectriCity contains hourly electricity consumption of 321 clients from 2012 to 2014.

4) ETT(Electricity Transformer Temperatureﬂ contains the data collected from two different elec-
tricity transformers (labeled as 1 and 2) with two different resolutions (denoted as m for 15
minutes and h for 1 hour) by 7 sensors. As a result, in total we have 4 ETT datasets: ETTh1,
ETTh2, ETTml, ETTm2.

5) Solar(Solar—Energyf] contains 137 time series representing the solar power production in Alabama
state in 2006.

C Experiment Details

Implementation Details Our method is trained with the L2 loss, using the ADAM [[12]] optimizer
with an initial learning rate in {1073,5 x 10~#,107*}. The default training process is 30 epochs
with proper early stopping (i.e., we set the maximum epoch as 30 and set the early stop patience
as 3). The mean square error (MSE) and mean absolute error (MAE) are used as metrics. All the
experiments are repeated 5 times with different seeds and the means of the metrics are reported as
the final results. All the deep learning networks are implemented in PyTorch[32]] and conducted on
NVIDIA A100 40GB GPU.

Selection Criterion for Backbone Models DecompNet is a model-agnostic framework and can be
applied to any time series forecasters. To better prove our effectiveness, we adopt following representa-
tive forecasters as strong backbone models, including the Transformer-based models: PatchTST [30],
iTransformer [18]]; the MLP-based models: RLinear and RMLP [14]] and the Convolution-based
model: ModernTCN [23]].

We choose above backbone models for following reasons: (i) the selected backbone models cover the
mainstream types of time series forecasters, and the capability to enhance the performance of various
types of models can prove our framework generality; (ii) the selected backbone models represent the
state-of-the-art level in time series forecasting, and the capability to further enhance the performance
of these state-of-the-art models can truly reflect our strong enhancement effects.

Parameter Selection for Backbone Models For all backbone models, we follow the official codes
in their original papers and search their model parameters from following searching space: number of
layers L from {1, 2, 3}, model dimension D from {16, 32, 64, 128, 256} and FFN expansion « from
{1, 2,4, 8}, which can fully unleash the performance potential of backbone models and provide a
persuasive benchmark to truly reflect the enhancement effects of all enhancement frameworks.

We only search model parameters for the baseline backbone models. After the model parameters
of a specific baseline backbone model have been determined, we directly apply our DecompNet
framework into this baseline backbone model without additionally modifying its model parameters.
Therefore, the model parameters in our method are the same as those in the baseline, which can
ensure a fair comparision.

"https://www.bgc-jena.mpg.de/wetter/

Zhttps://pems.dot.ca.gov/
3https://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014
*https://github.com/zhouhaoyi/ETDataset
>https://www.nrel.gov/grid/solar-power-data.html

23



Parameter Selection for Enhancement Frameworks By default, our DecompNet sets the moving
average window size as 25 for time series decomposition during the decoupled pretraining stage. And
we provide the parameter sensitivity study in Section[4.5] For other enhancement frameworks adopted
for comparison, we follow their official codes with their recommended framework parameters in the
original papers.

Metric We adopt the mean square error (MSE) and mean absolute error (MAE) of multivariate
time series forecasting as metrics.

T
1 N
MSE = E (Y:-Y,;)?
1=0

|

T
1 ~
MAE = — ;_O ‘Yi — Y,

where \A{, Y € RT*M are the M variates prediction results of length 7" and corresponding ground
truth. Y; means the -th time point in the prediction result.

D More About Our Methods

Advantages of Decoupled Training Strategy Our decoupled training strategy has following
advantages: (i) Better training results. The goal of decomposition-based methods is to train two
expert models specialized in the trend prediction task and seasonal prediction task, respectively.
And our strategy directly trains the expert models on these two tasks, which can provide clearer
supervision signals and bring better training results. For comparison, the previous joint training
strategy trains the expert models on an indirect whole-series prediction task, which can only provide
messily entangled supervision signals, limiting their performance (Figure 2] (b)). As a result, our
strategy is more in line with the purpose of time series decomposition, therefore can fully unleash the
performance potential of decomposition-based methods. (ii) Faster convergence. Since the ground
truth Y is a raw time series entangled with various patterns, directly predicting the whole Y is more
difficult [43,20]. And our strategy can unravel Y into more predictable components and make the
training process easier, contributing to faster convergence.

Please refer to Appendix [E.T|and [S.T|for more experimental verifications.

E More About Our Training Phase

E.1 Training Efficiency

In this paper, we mainly focus on the inference efficiency for following reasons. Compared with the
training phase which is usually performed on devices with substantial GPU resources, the inference
phase is more likely to be conducted with limited computational budgets (e.g., deployed on resource-
limited user devices). Therefore, focusing on and optimizing the inference cost can enable our method
to be deployed in a wider range of real-world application scenarios (especially in resource-constrained
environments) and thus increase the utility of our method. Under such consideration, we emphasize
our excellent inference efficiency in this paper and highlight our inference-cost-free property as a key
advantage that sets us apart from other competitors.

In addition to the excellent inference efficiency, our method also enjoys nice training efficiency. As
stated in Section [3.3]and[3.4] the decoupled pretraining process for two expert models and the extra
training process for fusion can converge quickly, making the total training cost of our method
comparable to the original model.

We conduct experiments to verify our nice training efficiency. The experimental setups are as follows:

* We use PatchTST [30] as the backbone model. Results are recorded under input-384-predict-
96 setting. For all training processes, the training setting is totally the same, where we set the
maximum epoch as 30 and set the early stop patience as 3. And based on our observation,
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the models can converge quickly in practice. So the actual training epochs consumed by a
model are often less than the maximum number 30.

* For original model, we train it from scratch and report its total training epochs.

* For our method, we first pretrain the trend model and seasonal model respectively, then
we conduct an extra training to fuse these two expert models. So the epochs of +Ours are
recorded as (trend + seasonal + fuse = total).

* Due to the same structure of each model, the per epoch cost is similar. So the total training
epochs can reflect the overall training cost.

We conduct experiments and report the training cost and model performance in Table[3] The results
prove that:

* Although we pretrain two expert models during the decoupled pretraining process, the total
training cost is not doubled. It is comparable or less than the original model.

* Although our method has an extra training process for fusion, it can converge quickly and
bring very little training cost.

¢ As aresult, the total training epochs consumed by our method are comparable to the
original model.

» Considering the comparable training cost, the totally same inference cost and the great
performance improvement, it can be proven that our method performs much better than
the original model.

Table 3: Training cost comparison and model performance comparison. We use MSE to reflect the
model performance and we use the total training epochs to reflect the overall training cost. A lower
MSE and a less training cost indicate better forecasting performance and training efficiency. The best
results are in bold.

ETThl ETTml Solar Traffic
Dataset
Metric Epoch  MSE| Epoch MSE| Epoch MSE| Epoch  MSE
Original Backbone Model 20 0.376 15 0.292 26 0.197 30 0.385
+Ours (1+10+1=12) 0.361|(4+12+3=19) 0.283|(8+12+1=21) 0.172|(10+18+3=31) 0.350

E.2 Ablation Study on Decoupled Pretraining Stage

We conduct ablation study to verify the necessity of our decoupled pretraining stage. As shown in
Table[d] the removal of pretraining leads to performance degradation, validating the necessity of our
decoupled pretraining stage. And this result is consistent with intuitive judgment: since the decoupled
pretraining stage is a key process to inject the decomposition-related knowledge into models, it can
not be removed.

Table 4: Ablation study on our decoupled pretraining stage. Ours indicates that W and W are
firstly pretrained with decomposition-related knowledge before fusion. And Without Pretraining
indicates that W ¢ and W, are not pretrained with decomposition-related knowledge before fusion.
They are just randomly initialized and directly used for fusion. Results are averaged from four
prediction lengths T' € {96,192, 336, 720}, using PatchTST [30] as the backbone model. A lower
MSE or MAE indicates a better performance. The best results are in bold.

ETThl1 ETTml1 Solar Traffic

Dataset
Metric MSE MAE|MSE MAE|MSE MAE|MSE MAE
Ours 0.403 0.421|0.345 0.3800.199 0.257|0.387 0.268
Without Pretraining|0.423 0.435/0.356 0.386|0.217 0.315|0.412 0.287
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E.3 Ablation Study on Learnable Fusion Factor A

We conduct ablation study to verify the importance of our learnable fusion factor A\. As shown in
Table 5] the removal of A degrades the performance, suggesting that it is vital to learn an optimal
proportion A to fuse the seasonal and trend knowledge.

Table 5: Ablation study on learnable fusion factor A. Ours indicates that we fuse W and W,
under the help of the learnable fusion factor )\, letting W = W + AW,. And Fusion Without \
indicates that we fuse W and W, without the help of the learnable fusion factor A, only letting
W = W, + W,. Results are averaged from four prediction lengths 7" € {96,192, 336, 720}, using
PatchTST [30]] as the backbone model. A lower MSE or MAE indicates a better performance. The
best results are in bold.

ETThl ETTml Solar Traffic

Dataset
Metric MSE MAE|MSE MAE|MSE MAE|MSE MAE
Ours 0.403 0.4210.345 0.380|0.199 0.257(0.387 0.268
Fusion Without X|0.419 0.4360.352 0.382|0.208 0.268|0.399 0.282

F More Related Works

F.1 Other Procedure for Time Series Decomposition

As introduced in Section the mainstream procedure of previous decomposition-based methods
is to decompose the time series into seasonal and trend components and process them with two
individual expert models respectively.

Apart from above mainstream procedure, there is also other type of procedure for decomposition-
based methods, which is exemplified by Autoformer [41] and FEDformer [49]. They take time
series decomposition as an inner block of the model structures and they decompose the time series at
each layer, instead of at the beginning of the model. But this more sophisticated procedure is less
straightforward and less performing, making it not the mainstream choice.

F.2 Drawbacks of Explicit Decomposition

We denote the previous well-established procedures for decomposition-based methods as explicit
decomposition, which meets several drawbacks:

(i) Previous methods need to explicitly decompose the input time series and use several expert models
for inference, which brings heavier inference costs.

(i1) Previous methods advocate that the seasonal model and trend model should use different
model structures, which makes it impossible to improve the efficiency by our Seasonal-Trend
Re-parameterization.

(iii) Previous methods pay more attention on data processing, instead of model training. They prefer to
design more sophisticated decomposition process (e.g., multi-kernel decomposition [37] or learnable
decomposition [44]) to better decompose the input time series. But they ignore the importance of
how to better train the two expert models. They simply use the sub-optimal joint training strategy to
train the seasonal and trend models, making their performance potential not fully unleashed.

Due to above drawbacks, these previous explicit decomposition methods suffer from the performance
and efficiency issues. And our implicit decomposition can handle these challenges from a brand new
perspective, providing a better solution to apply decomposition in time series forecasting.

F.3 Details of Explicit Decomposition Baselines in Section[4.3|

MICN [37] adopts a sophisticated decomposition process (i.e., multi-kernel moving average decom-
position) to better decompose the input time series. And it uses different model structures for two
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expert models: Linear layer for trend part and multi-scale isometric convolution for seasonal part.
And it is trained based on joint training strategy.

Leddam [44] adopts a sophisticated decomposition process (i.e., learnable decomposition) to better
decompose the input time series. And it uses different model structures for two expert models: Linear
layer for trend part and Dual Attention Module for seasonal part. And it is trained based on joint
training strategy.

In Section[4.3] we modify MICN and Leddam with our implicit decomposition designs. In the first
step, we compare the importance between data processing and model training. We replace their
sophisticated decomposition processes (i.e., multi-kernel moving average decomposition in MICN
and learnable decomposition in Leddam) with a simple single-kernel moving average decomposition.
And we apply our decoupled training strategy to replace their original joint training strategy. In the
second step, we re-examine the feasibility of using same model structure for two expert models. We
adopt multi-scale isometric convolution for two expert models in MICN and adopt Dual Attention
Module for two expert models in Leddam.

F.4 Details of Enhancement Frameworks in Section [4.2]

Normalization-based enhancement frameworks are developed based on RevIN [11]. RevIN proposes
to first normalize the input time series with zero mean and unit standard deviation, and then add the
mean and deviation back to the predicted outputs for de-normalization. RevIN puts an assumption
that the input time series and the predicted outputs share the same statistical properties. Since this
assumption may be at odds with reality, Dish-TS [9] further introduces an additional coefficient
network to specifically learn the statistical properties for output series. As further improvement,
SAN [20] explores statistical properties at a finer granularity (e.g., at the sliced level) and FAN [43]
conducts normalization in frequency domain. Meanwhile, they also adopt a multi-stage and multi-
target training strategy to unleash their performance potential, which is similar to our decoupled
training strategy.

Prior-based enhancement frameworks can also improve the model performance, provided that the
periodicity prior of a dataset is known in advance. Given the priori periodic length P of a dataset,
SparseTSF [l16] proposes a cross-period sparse forecasting technique, which will downsample the
original series into several subsequences based on the value of P and apply a model with shared
parameters to these subsequences for prediction. And CycleNet [[15]] utilizes an additional length- P
learnable matrix to specifically model the shared periodic patterns of the given dataset.

G More Ablation Results

More ablation results are provided in FigureB]andE], which are using PatchTST [30] and RLinear [14]
as the original backbone models, respectively.

H Error Bar

We report the standard deviation of DecompNet performance under five runs with different random
seeds in Table [6] using PatchTST [30] as the original backbone model. The results exhibit that the
performance of DecompNet is stable.

I Full Error Bar on More Backbone Models

The full results with full error bars of performance promotion obtained by our DecompNet framework
are provided in Table (/| It is shown that the average performance improvement is roughly an order
of magnitude larger than the random fluctuation from multiple runs (i.e., 0.0x vs 0.00x). Thus, the
improvement in our main result (Table|l) is meaningful and not due to chance.
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Inference Time Inference Time

+ Decoupled Training Strategy + Decoupled Training Strategy

Comparison: + Joint Training Strategy Comparison: + Joint Training Strategy
+ Seasonal-Trend Re-parameterization + Seasonal-Trend Re-parameterization
(Ours) (Ours)
T T
Performance (MSE) 0400 0410  0.420 Performance (MSE) 0345 0355
(a) Ablation results in ETTh1 dataset using PatchTST as backbone model (b) Ablation results in ETTm1 dataset using PatchTST as backbone model

Inference Time Inférence Time

+ Decoupled Training Strategy 0.203 + Decoupled Training Strategy
Comparison: + Joint Training Strategy Comparison: + Joint Training Strategy
+Seasonal-Trend Re-parameterization 0.199 + Seasonal-Trend Re-parameterization
(Ours) (Ours)
T
Performance (MSE) 0200 0210 0220 Performance (MSE) 0385 0395  0.405
(c) Ablation results in Solar dataset using PatchTST as backbone model (d) Ablation results in Traffic dataset using PatchTST as backbone model

Figure 8: More ablation study results using PatchTST [30] as the original backbone model. From the
top to the bottom, each row means one design we add on the original model to enhance it. We report
the averaged MSE of four prediction lengths. The inference time is recorded under input-384-predict-
96 setting per iteration. A lower MSE (a shorter blue bar) and a smaller inference time (a green star
closer to the vertical axis) indicate better performance and efficiency.
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(Ours) (Ours)
t
Performance (MSE) 0230 0240 0250 Performance (MSE) 0385 0395 0405
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Figure 9: More ablation study results using RLinear [[14]] as the original backbone model. From the
top to the bottom, each row means one design we add on the original model to enhance it. We report
the averaged MSE of four prediction lengths. The inference time is recorded under input-384-predict-
96 setting per iteration. A lower MSE (a shorter blue bar) and a smaller inference time (a green star
closer to the vertical axis) indicate better performance and efficiency.

J How Robust is DecompNet to Non-stationary Test-time Inputs?

DecompNet can robustly handle non-stationary test-time inputs. And we compare our DecompNet
with the popular RevIN [[11] from the perspectives of mechanism guarantees and empirical evidence:

Table 6: Error bar.

Dataset | ETThl ETTh2 ETTml ETTm2
Horizon |  MSE MAE | MSE MAE | MSE MAE | MSE MAE
96 036140.000  0.390+0.001 | 0277+0.001 ~ 0.337+0.001 | 0.283+0.001  0.337+0.001 | 0.166+0.000  0.2540.000

192 0.3914:0.001 0.4104:0.001 0.3514+0.002  0.3864-0.001 0.3284-0.001 0.3684-0.001 0.2224-0.001 0.29340.001
336 0.41840.003  0.42840.002 | 0.371£0.002  0.399+£0.002 | 0.3654+0.002  0.3924+0.002 | 0.272£0.001  0.325+0.001
720 0.44240.004  0.45540.003 | 0.386+0.003  0.425+0.002 | 0.4054+0.002  0.42140.002 | 0.366+0.002  0.38540.002

Dataset | Weather Solar-Energy ECL Traffic
Horizon MSE MAE MSE MAE MSE MAE MSE MAE
96 0.146+0.000  0.19440.000 | 0.17240.000  0.22940.000 | 0.133+£0.000  0.2334+0.001 | 0.35040.001  0.247-0.001

192 0.19040.001 0.23840.000 | 0.19740.001 0.25440.001 0.14940.001 0.25040.001 0.37440.002  0.263+0.001
336 0.2434:0.001 0.27940.001 0.2114:0.001 0.27040.001 0.16340.001 0.26540.001 0.3894:0.001 0.2684-0.001
720 0.31740.001 0.33240.001 0.21610.002  0.27440.002 | 0.199%0.001 0.2934:0.001 0.43540.003  0.293+0.002
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Table 7: Full results with full error bars of performance promotion obtained by our DecompNet
framework. We conduct experiments in long-term forecasting tasks and adopt the mainstream state-
of-the-art time series models as backbone models. The input length is fixed as 384 and the prediction
lengths are in T € {96,192,336,720}. Avg means the average results from all four prediction
lengths. A lower MSE or MAE indicates a better performance and the best results are in bold.

Models | PatchTST | iTransformer | RLincar | RMLP | ModernTCN

Settings Original +DecompNet Original +DecompNet Original +DecompNet Original +DecompNet Original +DecompNet
e (Ours) (Ours) (Ours) (Ours) 23 (Ours)

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

96 [0.37620.001 0.4010.000[0.3610.000 0.390::0.001 (0.41320.000 0.42720.000{0.379:0.000 0.404:0.000(0.37220.001 0.3970.001|0.369:0.000 0.392:£0.000(0.39520.001 0.4140.001|0.37520.001 0.399:£0.001|0.36820.002 0.390=0.001|0.35520.000 0.382:£0.000
192 {0.4100.001 0.421+0,001|0.391+0.001 0.4100.001{0.4490.001 0.450+0.001 |0.4130.000 0.425:0.0010.4110.001 0.421+0,001 |0.403:0.000 0.412:0.000{0.4390.001 0.44320,001 |0.410+0.001 0.41920.001(0.399:0.001 0.410:0,0000.385+0.001 0.40420.000

| 336 {0.43420.003 0.43920.002]0.41840.003 0.42820.002{0 450,002 0.45820.002{0.429:0.002 0.441:0.002]0.42550.001 0 42920.0010.42740.001 0.427:0.001|0.499:£0.002 0.479:20.002(0.43720.002 0.435%0.0010.39450.002 0.415£0.0020.376+0.002 0.407:0.002
] 720 [0.45120.003 0.47120.002{0.44220.004 0.455: 2820002 0.52120.002]0.446£0.002 450:0.001 0.46520.001[0.4410.001 0.4560.001{0.595+0.003 0.541 469£0.002 45220.003 0.4610.003]0.433+0.004 0.450£0.002
| Avg [0.418£0.002 0.43320.001]0.403£0.002 0.42120.002[0.46120.001 0.46420.001|0.41720.001 0.435:0.001|0.415£0.001 0.42820.001|0.410£0.001 0.42220.001 | 0.42320.002 0.430£0.001[0.403 2 0.4190.002(0.38720.002 0.411£0.001

140.001(0.27820.001 0.33820.001{0.27240.001 0.3340.001|0.302:0.002 0.358+0.002(0.283+0.001 0.34120.001|0.263:0.001 0.332+0.001{0.255+0.001 0.329:0.001
=] 0,001 0.3880.0010.351£0.002 0.386:0,001 |0.366:0.001 0.4020.0010.347:0.001 0.385:0.001|0.356:0.001 0.393£0.001(0.337:£0.001 0.376:0.001 |0.350::0.002 0.3870.002(0.340:0.002 0.380::0.0020.321::0.001 0.37620.001{0.320£0.001 0.378:0.001
E| 336 [0.36820.001 0.403£0.002]0.37120.002 0.399:£0.0020.400:0.002 0.42740.001|0.35620.002 0.404£0.002|0.3640.001 0.408:0.001(0.35620.001 0.397:40.001|0.387£0.001 0.41620.001(0.3670.002 0.405£0.002|0.310£0.001 0.37420.001 (0.29020.002 0.363£0.001
[ 720 |0.39820.001 0.43520.001(0.3860.003 0.425:0.0020.435:0.003 0.4540.002{0.392:£0.002 0.427:0.0020.419£0.001 0.4470.001|0.3860.002 0.426:0.0020.41620.004 0.4430.003(0.3960.002 0.433:0.0020.4170.004 0.4470.002(0.3820.002 0.422:0.002

96 [0.275:0.001 0.3370.001|0.277+0.001 0.337:£0.001(0.306:20.002 0.3630.001|0.279+0.001 0.3
0.

| Ave 0.34920.001 0.391+0.001]0.346£0.002 0.387£0.002]0.3770.001 0.412+0.001]0.344£0.002 0.389£0.002]0.354£0.001 0.397+0.001/0.338£0.001 0.383£0.001]0.364:0.002 0.401+0.001|0.347£0.002 0.390:0.002(0.328£0.002 0.3820.001/0.312£0.002 0.373£0.001

96 [0.292:0.001 0.3440,001(0.283£0.001 0.337:£0.001{0.31420.001 0.36620.001(0.299:0.001 0.354:0.001{0.31620.001 0,350,001 (0.303£0.000 0.344:0.000(0.309:0.001 0.3560.001(0.29740.001 0.351:£0.001{0.30320.001 0.3510.001(0.29740.001 0.343:0.001
E| 192 ]0.340£0.001 0.37420.001(0.328£0.001 0.3680.001/0.353£0.001 0.389:0.001(0.33620.001 0.373:0.001|0.337:0.001 036620001 0.3360.000 0.36420.000(0.344:0.001 0.3800.001 (0.3370.001 0.377:0.001 0.001 0.37920.0010.337:0.001 0.367:0.001
£] 336 [0.367:0.002 0.39420.0010.365£0.002 0.392:0.002{0.383£0.001 0.405:0.001|0.37220.001 0.392£0.001/0.37520.001 0.389£0.0010.370£0.001 0.384:0.001|0.38320.001 0.40320.0010.364:0.001 0.388£0.0010.375£0.001 0.392£0.001(0.372£0.001 0.390:0.001
| 720 [0.422£0.003 0.42720.0030.40520.002 43720.002 0.435£0.002]0.424£0.002 426:0.001 0.415£0.001|0.42620.001 0.415£0.000(0.447:0.002 0.4370.001 0.421:£0.001 0.415£0.001{0.429:0.003 0.4210.001 0.410+0.002 0.416£0.002

| Ave 0.355£0.002 0.385+0.002]0.345£0.002 0.380:0.002]0.372£0.001 0.399+0.001|0.358£0.001 0.385£0.001]0.3640.001 0.381+0.001/0.359£0.001 0.377£0.000]0.371:£0.001 0.394+0.001|0.355£0.001 0.383£0.001]0.3650.002 0.3860.001/0.354£0.001 0.379:0.001

| 96 [0:166£0.001 0.25520.00110.16640.000 0.2540.000(0.179:20.000 0.27120,000/0.172:£0.000 0.265:0.000(0.164:0.000 0.253:0.000(0.16420.000 0.253:0.000/0.180+0.001 0.267:0.001{0.1710.000 0.260:0.0000.1690.001 0.259:0.0010.170:0.001 0.25740.001
E| 192 [0.22820.001 0.29920.001{0.22220.001 0.293£0.001(0.243:0.000 0.31320.000{0.227:0.001 0.2980.000{0.227:0.000 0.297+0.000|0.21820.000 0.2890.000(0.247:0.001 0.30820.001{0.22820.000 0.299:0.000|0.223:0.001 0.296+0.001{0.222:0.001 0.2920,001
| 336 [0.280£0.001 0.3310.001(0.272£0.001 0.325:0.001 |0.295:0.001 0.3450.000(0.27820.001 0.331:0.0000.275:0.000 0.329:0.0010.272:0.001 0.324:0.001|0.289:0.001 0.3410.001[0.279:0.001 0.332::0.001 |0.288:0.002 0.33920.0010.268+0.001 0.324:0.001
5] 720 [0.37320.002 0.38920.001|0.3660.002 0.385:0.002{0.37720.002 0.397:0.002{0.371£0.001 0.388£0.001{0.36520.001 0.38620.001|0.36520.001 0.3820.001|0.3680.003 0.3870.0030.3580.002 0.382£0.002|0.36520.002 0.38620.002]0.35740.001 0.3830.001

| Ave [0.262£0.001 0.31920.001]0.257+0.001 0.314£0.0010.274:0.001 0.332:0.001{0.26240.001 0.321:0.000]0.259:0.000 0.31620.001[0.25520.001 0.3120.001]0.2710.002 0.32620.001|0.2590.001 0.3180.0010.261::0.002 0.320<0.001[0.254+0.001 0.3140.001

96 [0.1500.000 0.201£0.000|0.14620.000 0.194:0.000{0.160::0.000 0.2100.000|0.155+0.000 0.207:£0.000{0.174:0.000 0.227+0.000|0.162+0.000 0.217:£0.000{0.169::0.000 0.220+0.000{0.16240.000 0.214:0.000{0.151::0.000 0.205:0.000{0.14740.000 0.199::0.000
192 {0.19420.000 0.2440,001[0.1900.001 0.23820.000{0.20320.001 0.2510,001 |0.198£0.001 0.247:0.001{0.21620.000 0.261:0,0000.206:0.000 0.2560.000{0.212:£0.000 0.2590,000/0.2070.001 0.25420.001{0.197:0.002 0.24820,001 |0.1950.000 0.24320.000
10.243:£0.001 0.279:0.000]0.243:0.001 0.279:0.001{0.252:0.001 0.2870.0010.245:0.001 0.28420.001|0.263:0.000 0.29420.001 |0.253:0.000 0.290:0.000{0.260=0.001 0.293:0.000]0.2580.000 0.293:0.000{0.251:0.001 0.2870.001 |0.253:0.000 0.28620.000
720 {0.319:0.000 0.33320.000]0.317:0.001 0.332:£0.001|0.3250.000 0.339:0.000]0.317::0.000 0.333:0.001|0.329:0.001 0.340:0.001|0.320:+0.001 0.336:0.001|0.333:£0.001 0.345:0.001{0.327:0.000 0.340:£0.000|0.332:£0.000 0.340:0.000{0.3280.001 0.337::0.001

Weather
&

| Ave [0.22720.000 0.264+0.000]0.224£0.001 0.261£0.0010.23520.001 0.272£0.001]0.229+0.001 0.268:0.0010.24620.000 0.2810.001]0.23520.000 0.275£0.000]0.24420.001 0.2790.000]0.2390.000 0.275£0.0000.23320.001 0.27020.001]0.23120.000 0.266:0.000

96 [0.19740.001 0.29120.001{0.17240.000 0.229:40.000{0.18740.002 0.24620.002|0.185%0.002 0.245£0.002(0.22340.001 0.297+0.002(0.2010.001 0.257:£0.001(0.21540.002 0.269:+0.002{0.19620.001 0.234:0.001(0.19410.001 0.2610.001{0.17720.001 0.2320.000
192 {0.21420.001 0.319£0,0020.1970.001 0.25420.001|0.20920.002 0.2690.001(0.209£0.002 0.27020.0010.25120.001 0.312£0,0020.231£0.001 0.27420.0010.230:0.003 0.298£0.0030.2200.002 0.252:£0.002(0.21620.002 0.317£0.001 |0.1940.000 0.25120.000
10.2350.001 0.32820.001|0.211:0.001 0.270:0.001{0.222::0.001 0.2810.001|0.207:0.002 0.258:0.001|0.265:£0.002 0.33820.002(0.2380.001 0.282:£0.001|0.238::0.002 0.304:0.003(0.221+0.001 0.254:0.001|0.230::0.000 0.32120.000{0.2150.002 0.2750.001
720 {0.225£0.001 0.3290.0010.216£0.002 0.27420.002(0.231:0.001 0.29120.001|0.214:0.001 0.263:0.001|0.284:£0.002 0.34520.0030.238:0.002 0.282:£0.002(0.239:0.003 0.30620.0030.220:0.002 0.256+0.002(0.233:0.001 0.32320.0000.213£0.002 0.272:0.002

Solar-Eneray
3

Ave [021820.001 0.31720.001[0.19920.001 0.25720.001]0.21220.002 0.27250.001 0.20420.002 0.259:20.001]0.25620.002 0.32320.002]0.22720.001 0.27420.001]0.23120.003 0.29420.003(021420.002 0.249:20.002]021520.001 0.30620.0010.20020.001 025820001

96 [0.133£0.001 0.23240.001{0.133£0.000 0.233:0.001 [0.140:0.000 0.240£0.000{0.13320.000 0.230:0.000{0.15120.001 0.25120.001{0.1400.000 0.233£0.000|0 10.13420.000 0.229:40.000{0.137:0.000 0.23420.000{0.13320.000 0.233:10.

192 {0.14820.001 0.2460.0010.14940.001 0.25020.001{0.15820.000 0.2580.000/0.153£0.001 0.2500.001{0.16320.001 0.2620.001 |0.153£0.000 0.245:0.000{0.15 S 10.151£0.000 0.245£0.000{0.15620.002 0.25420.001|0.14720.000 0.248£0.000
0.169:0.001 0.2650.001|0.163+0.001 0.2650.001|0.175:0.001 0.275:0.001|0.165+0.001 0.2640.000(0.179:0.001 0.277:0.001|0.170:0.001 0.262:£0.001|0.1740.001 0.270:0.001|0.167:0.000 0.261:0.000|0.168:0.001 0.265+0.001|0.164:0.001 0.266:0.001

720 {0.202:0.001 0.29520.0010.199:0.001 0.293:0.001|0.21520.002 0.310::0.002]0.219:0.001 0.31320.001{0.21820.001 0.3080.001 |0.2080.001 0.2 21320001 0.301:0.001 0.207:0.001 0.295:0.001]0.209:0.003 0.303:0.003|0.19240.001 0.285:0.001

ECL
H

| Ave [0.163£0.001 0.260+0.001]0.161:0.001 0.260:40.001]0.172:0.001 0.2710.001{0.16840.001 0.26420.001[0.1780.001 0.275:0.001|0.168+0.001 0.2590.001|0.172:0.001 0.26520.001|0.163:x0.000 0.258+0.000]0.168:0.002 0.264+0.001[0.159£0.001 0.258+0.001

96 |0.385£0.001 0.2770.001|0.350+0.001 0.2470.001|0.393£0.001 0.298+0.001|0.3570.001 0.261£0.001(0.4330.001 0.305£0.001|0.403£0.001 0.27720.001|0.404£0.001 0.29420.001|0.389+0.001 0.275+0.001|0.391:0.002 0.283+0.002|0.363£0.001 0.255£0.001
2] 192 {0.40120.000 0.28320.000]0-374£0.002 0.263:0.001 {0.414:0.002 0.31220.001[0.38720.001 0.27620.001 0.44120.001 0.30720.001|0.41620.001 0.280:0.001|0.42320.001 0.30220.001|0.40320.001 0.280+0.001 0.407:40.002 0.28720.0020.380+0.002 0.267:0.001
E 336 |0.410£0.002 0.287+0.002{0.389+0.001 0.268+0.001|0.432+0.003 0.3220.001(0.3970.002 0.279+0.002(0.453+0.001 0.31320.0020.424+0.001 0.285:0.001(0.439+0.001 0.310£0.001|0.415£0.001 0.285£0.001 |0.416:0.003 0.292+0.001{0.393£0.002 0.2710.000
| 720 {0.443£0.003 0.304£0.002(0.435£0.003 0.293£0.0020.472:0.003 0.3470.001|0.437£0.002 0.30520.002|0.483£0.001 0.331£0.002(0.456+0.002 0.303£0.001(0.476+0.001 0.3270.001{0.44420.001 0.30120.001|0.45240.004 0.309+0.003(0.438+0.003 0.308+0.001

| Ave [0-41020.002 0.28520.001 0.38740.002 0.268£0.0010.425 20,002 0.32050.001 0.395£0.002 0.280£0.002]0.45320.001 0.31420.002]0425£0.001 0.28620.001]0.43620.001 0.30520.001 041320001 0.28520.001]0.41720.003 0.29320.002]0.39420.002 027520001

J.1 Mechanism Guarantees

DecompNet has mechanism to handle non-stationary test-time inputs, but the mechanism is different
from RevIN’s:

* RevIN is a normalization-based method. It alleviates the non-stationary issue from the
perspective of statistical measures.

* DecompNet is a decomposition-based method. It handles the non-stationary issue based on
time series decomposition, since decomposition can unravel the entangled temporal patterns
in raw time series and extract the stationary components [[10, 34} |41]].

J.2  Empirical Evidence

To prove our superiority in handling non-stationary issues, we compare our performance with RevIN
in the top-3 highly non-stationary datasets, which are ETTh2, Exchange and ILI [[13} 2,48, [19].

For ILI, the input length is 96 and the results are averaged from 4 prediction lengths {24, 36,48, 60}.
For other datasets, the input length is 384 and the results are averaged from 4 prediction lengths
{96,192, 336, 720}.

As shown in Table [§] DecompNet outperforms RevIN in all these highly non-stationary datasets,
indicating its better ability in handling non-stationary issues.

J.3 Conclusion

As verified on the currently available and publicly accessible datasets in Section f.2]and in Appendix
2] DecompNet performs the best in handling non-stationary issues and is even better than RevIN
and other normalization-based enhancement frameworks. These results indicate that DecompNet can
robustly handle non-stationary test-time inputs.
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Table 8: Performance comparison with RevIN in the top-3 highly non-stationary datasets. The
Original model equips with RevIN by default. And Ours replaces the RevIN with our DecompNet
framework. So these results can provide a fair comparison between our DecompNet and RevIN in
handling non-stationary issues.

Models | PatchTST \ iTransformer \ RLinear \ RMLP \ ModernTCN

Original +DecompNet| Original +DecompNet| Original +DecompNet| Original +DecompNet| Original +DecompNet
130] (Ours) 18] (Ours) [14] (Ours) 141 (Ours) 23] (Ours)

Metric |MSE MAE|MSE MAE |MSE MAE|MSE MAE |MSE MAE|MSE MAE |MSE MAE|MSE MAE |MSE MAE|MSE MAE
ETTh2 |0.349 0.391]0.346 0.387 [0.377 0.412]0.344 0.389 |0.354 0.397(0.338 0.383 |0.364 0.401]|0.347 0.390 |0.328 0.382|0.312 0.373

Settings

Exchange|0.387 0.419]0.330 0.404[0.378 0.4180.317 0.391 [0.378 0.411]0.314 0.386 |0.385 0.414]0.320 0.385 |0.376 0.407|0.319 0.376

ILI  |2.096 0.969|1.904 0.886|2.231 1.020[1.959 0.934 |3.686 1.366|2.305 1.042 [2.796 1.172|2.056 0.972 |1.944 1.198|1.738 0.874

We are well aware that there are non-stationary issues that cannot be represented by the current
datasets. In future work, we will keep monitoring the development in time series community and
promptly validate the effectiveness of our methods on the latest and more challenging non-stationary
datasets.

K DecompNet’s Generalization to Other Forms of Decomposition like STL
and Scalability to More Than Two Decomposition Components

K.1 Preliminary Exploration on the Scalability and Generalization of DecompNet

We conduct a preliminary exploration on the scalability and generalization of DecompNet. The
experiment settings are as follows:

* We integrate our DecompNet with STL and decompose the time series into three finer
components (i.e., seasonal, trend and residual components).

* We introduce more fusion factors to fuse three expert models, letting W = Wy + A\ Wy +
Ao W,., where W, W, W,. are the weight matrices from seasonal, trend and residual expert
models respectively.

¢ We use RLinear [14] and PatchTST [30] as the backbone models.
As shown in Table [0 after integrating DecompNet with more advanced decomposition methods
and scaling into more and finer decomposed components, we observe continuous performance

improvement, which can prove the scalability and generalization of DecompNet.

Table 9: Preliminary exploration on the scalability and generalization of DecompNet.

ETThl1 ETTml Solar Traffic
Dataset

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

0.403 0.421{0.345 0.380{0.199 0.257(0.387 0.268
0.394 0.407(0.338 0.370{0.193 0.247|0.380 0.261

PatchTST + 2 Components
PatchTST + 3 Components

RLinear + 2 Components
RLinear + 3 Components

0.410 0.422(0.359 0.377{0.227 0.274{0.425 0.286
0.399 0.410(0.349 0.367{0.213 0.265(0.412 0.277

K.2 Discussion on Potential Technical Challenges during Scaling

We discuss some potential technical challenges as follows, including increased fusion complexity,
parameter growth, or optimization difficulty.

Based on our preliminary exploration, we find that:
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* Fusion complexity and optimization difficulty are not increased. Through directly general-
izing the equation from W = Wy + AW, to W = W, + \{W; + A2 W,., we can achieve
the fusion of three expert models. And the training process is still stable and can converge
quickly.

* Parameter growth: The number of parameters is only increased during training. When
scaling to more decomposition components, we need to train more expert models and
introduces more fusion factors. This will introduce more parameters, but will also bring
better performance. During inference, all expert models are fused as one single model, so
there is no additional inference costs.

K.3 Future Work

Above preliminary experiments demonstrate the scalability and generalization of DecompNet. In
future work, we will conduct more in-depth researches to further unleash its scaling potential and
report more insights on optimization.

L. Comparison with Other Prominent Decomposition-based Models

We compare our method with DLinear [45]], NHiTs [3]] and N-BEATS [31]. As shown in Table@} our
method surpasses these prominent decomposition-based models, achieving an average MSE reduction
of 11.1% compared to DLinear, 16.7% compared to NHiTs and 18.6% compared to N-BEATS, thus
verifying our performance superiority.

Table 10: Comparison with other prominent decomposition-based models like DLinear, NHiTs and
N-BEATS.

ETThl ETTml Solar Traffic

Dataset
Metric MSE MAE|MSE MAE|MSE MAE|MSE MAE
DecompNet + PatchTST|0.403 0.421]0.345 0.380{0.199 0.257|0.387 0.268
DecompNet + RLinear (0.410 0.422]0.359 0.377(0.227 0.274]0.425 0.286
DLinear 0.428 0.444(0.365 0.385]0.255 0.338]0.453 0.318
NHiTs 0.486 0.477(0.372 0.397]0.265 0.348|0.479 0.327
N-BEATS 0.500 0.486(0.385 0.404{0.266 0.345|0.487 0.331

M Enhancing the Performance of Classic Models (e.g., Standard RNN)

We utilize our DecompNet to enhance the performance of classic models (e.g., standard RNN).
As shown in Table [TT]} our method can also work on the classic model and greatly improve its
performance, making it catch up with the state-of-the-art level in time series forecasting.

Table 11: Enhancing the Performance of Classic Models (e.g., Standard RNN)

ETTh1 ETTml Solar Traffic
Dataset

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

RNN 1.114 0.794(1.130 0.779{0.913 0.498|1.043 0.486
RNN + Ours|0.448 0.447(0.372 0.404|0.246 0.288(0.474 0.309

N Reproducibility Statement
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N.1 Code Release

Our method is introduced in detail with equations and figures in the main text. All the implementation
details are included in the Appendix, including dataset descriptions, evaluation metrics, model
configurations and experiment settings. Code is available at this repository: https://github. com/
luodhhh/DecompNet,

N.2 Code Related to the Implementation Details of Model Fusion Process

The implementation of our fusion process are provided in the following two files within our repository
(i.e., "utils/seasonal_trend_reparam.py" and "utils/seasonal_trend_reparam_for_Linear.py"). Please
refer to these two files for implementation details of our fusion process.

O More Discussion on the Choice of Moving Average Window Size

In this paper, we use a fixed moving average window size of 25 for following reasons:

* Experimental Fairness: The primary motivation for adopting a fixed window size of
25 is to ensure strict compliance with mainstream protocols. Starting from the famous
decomposition-based methods like Autoformer and DLinear, it becomes a widely adopted
protocol to use a fixed moving average window size of 25 for the decomposition imple-
mentations. Consequently, our main experiments adhere to this convention to ensure a fair
experimental setting.

» Simplicity: In our humble opinion, minimizing the numbers of tunable hyperparameter
is critical for real-world applicability, as it reduces the implementation complexity and
enhances the adaptability across various real-world scenarios. Since the window size of 25
can already provide sufficient performance while aligning with mainstream conventions, we
prioritize simplicity and directly use the fixed moving average window size of 25 without
further tuning this hyperparameter.

To better choose the appropriate moving average window size:

* For the setting in experimental scenarios: We advocate using a fixed moving average window
size of 25 for the consideration of simplicity and experimental fairness.

* For users seeking to maximize performance in their own real-world application scenarios:
Although the window size of 25 can already provide sufficient performance, we are well
aware that other window sizes may bring even better performance. To fully push the
performance limit in specific real-world applications, we encourage the users to explore
other moving average window sizes. And the powerful technique like automatic period
detection can serve as an effective guidance for their further parameter adjustments.

P Ethics Statement and Broader Impact

P.1 Ethics Statement

Our work only focuses on the time series forecasting problem, so there is no potential ethical risk.

P.2 Impact on Future Research

In this paper, we pioneer the idea of implicit decomposition, which is a brand new idea to apply
decomposition in time series forecasting and provides guidance to upgrade the time series decomposi-
tion into a model-agnostic enhancement framework. Based on this idea, we establish a new category
of decomposition-based enhancement framework and propose DecompNet as its representative, which
demonstrates compelling enhancement capability, framework generality, performance superiority
and efficiency superiority, making the decomposition-based enhancement framework surpass the
well-recognized normalization-based frameworks for the first time. We hope our exploration on
implicit decomposition can provide some fresh perspectives and facilitate the future researches in
both time series decomposition and time series enhancement frameworks.
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P.3 Broader Impact on Real-world Applications

As an advanced model-agnostic time series enhancement framework, our method can enhance the
forecasting performance of the latest and state-of-the-art time series models, greatly pushing the
performance limit of time series forecasting. Therefore, our proposed method makes it promising to
tackle real-world forecasting problem, helping our society make better decisions and prevent risks in
advance.

Meanwhile, our DecompNet can enhance the model performance without introducing any additional
inference costs, enjoying totally the same inference costs as the original backbone model. This
inference-cost-free property allows for a wider application of our method, especially in some real-
world scenarios that with limited computational budgets.

Our paper mainly focuses on scientific research and has no obvious negative social impact.

Q Limitations and Future Work

In this paper, we mainly implement our idea of implicit decomposition based on the mainstream
moving average decomposition and we only decompose the time series into seasonal and trend compo-
nents. Combining implicit decomposition with more advanced decomposition implementations (e.g.,
Seasonal-Trend decomposition using Loess (STL) [S]] and frequency domain decomposition [38]]) and
decomposing the time series into finer components (e.g., seasonal, trend and residual components)
can further improve the performance. It will be our future work to conduct these further explorations
and further push the performance limit of our method.

In this paper, our fusion mechanism relies on strict layer-wise alignment. The prerequisite for the
fusion process is that the two expert models must have the same model architecture. And it will be
our future work to further study on how to handle the architectural mismatches during fusion and
study on the fusion of models with different architectures.

In this paper, we mainly verify the effectiveness of our method through extensive empirical results
and comprehensive experimental evidence. It will be our future work to conduct deeper analysis on
model fusion and provide better theoretical explanation.

R Full Results

Due to the space limitation of the main text, we place the full results of all experiments in the
following subsections. And we also provide the showcases in Appendix [S|

R.1 Performance Promotion by DecompNet Framework

The full results of performance promotion obtained by our DecompNet framework are provided in
Table

R.2 Compared with Explicit Decomposition

The full results of performance comparison between our implicit decomposition and the previous
explicit decomposition are provided in Table[I3]

R.3 Compared with Other Enhancement Frameworks

The full results of performance comparison between our DecompNet and other enhancement frame-
works are provided in Table[I4]and[T5] which adopt RLinear [14] and PatchTST [30] as backbone
models, respectively.
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Table 12: Full results of performance promotion obtained by our DecompNet framework. We conduct
experiments in long-term forecasting tasks and adopt the mainstream state-of-the-art time series
models as backbone models. The input length is fixed as 384 and the prediction lengths are in
T € {96, 192,336, 720}. Avg means the average results from all four prediction lengths. A lower
MSE or MAE indicates a better performance and the best results are in bold.

Models | PatchTST ‘ iTransformer ‘ RLinear ‘ RMLP ‘ ModernTCN
Settings Original +DecompNet| Original +DecompNet| Original +DecompNet| Original +DecompNet| Original +DecompNet
g 130} (Ours) 18] (Ours) 114} (Ours) 141 (Ours) 23] (Ours)

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

96 0.376 0.401(0.361 0.390 |0.413 0.427]0.379 0.404 |0.372 0.397|0.369 0.392 |0.395 0.414(0.375 0.399 [0.368 0.390(0.355 0.382
192 0.410 0.421(0.391 0.410 |0.449 0.450|0.413 0.425 [0.411 0.421]|0.403 0.412 [0.439 0.443|0.410 0.419 |0.399 0.410(0.385 0.404
336 |0.434 0.439(0.418 0.428 |0.455 0.458|0.429 0.441 |0.425 0.429|0.427 0.427 |0.499 0.479(0.437 0.435 |0.394 0.415|0.376 0.407
720 ]0.451 0.471]0.442 0.455 |0.528 0.521(0.446 0.469 |0.450 0.465(0.441 0.456 [0.595 0.541|0.469 0.467 |0.452 0.461|0.433 0.450

ETThl

Avg [0.418 0.433]0.403 0.421|0.461 0.464(0.417 0.435 [0.415 0.428(0.410 0.422 |0.482 0.469(0.423 0.430 |0.403 0.419(0.387 0.411

96 0.275 0.337|0.277 0.337 |0.306 0.363]0.279 0.340 |0.278 0.338|0.272 0.334 |0.302 0.358|0.283 0.341 [0.263 0.332/0.255 0.329
192 10.354 0.388|0.351 0.386 |0.366 0.402|0.347 0.385 |0.356 0.393|0.337 0.376 [0.350 0.387|0.340 0.380 |0.321 0.376(0.320 0.378
336 |0.368 0.403(0.371 0.399 |0.400 0.427|0.356 0.404 |0.364 0.408|0.356 0.397 |0.387 0.416(0.367 0.405 [0.310 0.374]0.290 0.363
720 ]0.398 0.435]0.386 0.425 |0.435 0.454(0.392 0.427 |0.419 0.447(0.386 0.426 [0.416 0.443|0.396 0.433 |0.417 0.447|0.382 0.422

ETTh2

Avg [0.349 0.391]0.346 0.387 [0.377 0.412[0.344 0.389 [0.354 0.397|0.338 0.383 |0.364 0.401(0.347 0.390 |0.328 0.382(0.312 0.373

96 0.292 0.3440.283 0.337 |0.314 0.366|0.299 0.354 |0.316 0.355|0.303 0.344 |0.309 0.356(0.297 0.351 |0.303 0.351{0.297 0.343
192 10.340 0.374|0.328 0.368 |0.353 0.389]0.336 0.373 |0.337 0.366|0.336 0.364 |0.344 0.380(0.337 0.377 |0.352 0.379(0.337 0.367
336 [0.367 0.394|0.365 0.392 (0.383 0.405|0.372 0.392 |0.375 0.389|0.370 0.384 |0.383 0.403|0.364 0.388 |0.375 0.392(0.372 0.390
720 |0.422 0.427|0.405 0.421|0.437 0.435|0.424 0.422 |0.426 0.415|0.426 0.415 |0.447 0.437(0.421 0.415 |0.429 0.421|0.410 0.416

ETTml

Avg [0.355 0.385/0.345 0.380 [0.372 0.399|0.358 0.385 |0.364 0.381]0.359 0.377 |0.371 0.394|0.355 0.383 |0.365 0.386|0.354 0.379

96 0.166 0.255|0.166 0.254(0.179 0.271]0.172 0.265 |0.164 0.253|0.164 0.253 |0.180 0.267(0.171 0.260 [0.169 0.259(0.170 0.257
192 10.228 0.299(0.222 0.293 |0.243 0.313(0.227 0.298 |0.227 0.297(0.218 0.289 [0.247 0.308|0.228 0.299 |0.223 0.296|0.222 0.292
336 [0.280 0.331/0.272 0.325 (0.295 0.345/|0.278 0.331 |0.275 0.329]0.272 0.324 |0.289 0.341|0.279 0.332 |0.288 0.339(0.268 0.324
720 |0.373 0.389(0.366 0.385|0.377 0.397|0.371 0.388 |0.368 0.386|0.365 0.382 |0.368 0.387|0.358 0.382 |0.365 0.386|0.357 0.383

ETTm2

Avg [0.262 0.319(0.257 0.314 |0.274 0.332(0.262 0.321 |0.259 0.316]0.255 0.312 |0.271 0.326]0.259 0.318 |0.261 0.320|0.254 0.314

96 [0.150 0.2010.146 0.194 |0.160 0.210{0.155 0.207 (0.174 0.227|0.162 0.217 |0.169 0.220|0.162 0.214 |0.151 0.205(0.147 0.199
192 10.194 0.244/0.190 0.238 |0.203 0.251(0.198 0.247 0.216 0.261(0.206 0.256 [0.212 0.259(0.207 0.254 |0.197 0.248]0.195 0.243
336 0.243 0.279(0.243 0.279 |0.252 0.287]0.245 0.284 (0.263 0.294]0.253 0.290 |0.260 0.293(0.258 0.293 |0.251 0.287(0.253 0.286
720 |0.319 0.333]0.317 0.332|0.325 0.339(0.317 0.333 |0.329 0.340(0.320 0.336 |0.333 0.345]0.327 0.340 |0.332 0.340|0.328 0.337

Avg [0.227 0.264(0.224 0.261 |0.235 0.272(0.229 0.268 |0.246 0.281]0.235 0.275 |0.244 0.279]0.239 0.275 |0.233 0.270|0.231 0.266

96 [0.197 0.2910.172 0.229 |0.187 0.246|0.185 0.245 (0.223 0.297{0.201 0.257 |0.215 0.269|0.196 0.234 [0.194 0.261|0.177 0.232
192 10.214 0.319]0.197 0.254 |0.209 0.269(0.209 0.270 |0.251 0.312(0.231 0.274 |0.230 0.298|0.220 0.252 |0.216 0.317|0.194 0.251
336 |0.235 0.328(0.211 0.270 |0.222 0.281]0.207 0.258 |0.265 0.338]|0.238 0.282 |0.238 0.304(0.221 0.254 |0.230 0.321]0.215 0.275
720 |0.225 0.329]0.216 0.274 |0.231 0.291(0.214 0.263 |0.284 0.345|0.238 0.282 |0.239 0.306|0.220 0.256 |0.233 0.323|0.213 0.272

Weather

Solar-Energy

Avg 0.218 0.317]0.199 0.2570.212 0.272]0.204 0.259 |0.256 0.323(0.227 0.274 [0.231 0.294]0.214 0.249 [0.218 0.306|0.200 0.258

96 [0.133 0.232/0.133 0.233 |0.140 0.240(0.133 0.230 (0.151 0.251{0.140 0.233 |0.144 0.239]0.134 0.229 [0.137 0.234|0.133 0.233
192 {0.148 0.246/0.149 0.250 |0.158 0.258(0.153 0.250 |0.163 0.262(0.153 0.245 |0.158 0.251[0.151 0.245 |0.156 0.254|0.147 0.248
336 |0.169 0.265(0.163 0.265 |0.175 0.275|0.165 0.264 (0.179 0.277|0.170 0.262 |0.174 0.270(0.167 0.261 [0.168 0.265|0.164 0.266
720 ]0.202 0.295(0.199 0.293 (0.215 0.310{0.219 0.313 |0.218 0.308(0.208 0.295 [0.213 0.301|0.207 0.295 |0.209 0.303|0.192 0.285

ECL

Avg [0.163 0.260]0.161 0.260 [0.172 0.271]0.168 0.264 [0.178 0.275[0.168 0.259 |0.172 0.265/0.165 0.258 [0.168 0.264]0.159 0.258

96 0.385 0.277|0.350 0.247 |0.393 0.298]0.357 0.261 |0.433 0.305|0.403 0.277 |0.404 0.294(0.389 0.275 |0.391 0.283]0.363 0.255
192 10.401 0.283(0.374 0.263 (0.414 0.312]|0.387 0.276 |0.441 0.307|0.416 0.280 [0.423 0.302|0.403 0.280 |0.407 0.287(0.380 0.267
336 |0.410 0.287(0.389 0.268 |0.432 0.322|0.397 0.279 (0.453 0.313]|0.424 0.285 |0.439 0.310(0.415 0.285 |0.416 0.292/0.393 0.271
720 ]0.443 0.304|0.435 0.293 |0.472 0.347(0.437 0.305 |0.483 0.331(0.456 0.303 |0.476 0.327|0.444 0.301 |0.452 0.309|0.438 0.308

Traffic

| Avg [0.410 0.288|0.387 0.268 [0.428 0.320]0.395 0.280 |0.453 0.314]0.425 0.286 |0.436 0.308]0.413 0.285 |0.417 0.293]0.394 0.275
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Table 13: Full performance comparison between our implicit decomposition and the previous explicit
decomposition. We conduct experiments in long-term forecasting tasks. The input length is fixed as
384 and the prediction lengths are in T' € {96, 192,336, 720}. And we also gradually modify the
explicit decomposition methods with our implicit decomposition designs. Avg means the average
results from all four prediction lengths. A lower MSE or MAE indicates a better performance. And
Total Avg means the further average results from all eight datasets.

Type ‘Implicit Decomposition (Ours)‘ Explicit Decomposition
Frameworks‘ DecompNet (Ours) ‘ MICN [37 ‘ Leddam [44]
Settines DecompNet DecompNet Original |Use Decoupled Training| Use Same Structure| Original |Use Decoupled Training|Use Same Structure
g +PatchTST +RLinear 1371 +Our Design +Our Design [44] +Our Design +Our Design

Metric  |[MSE MAE|MSE  MAE _ |MSE MAE|MSE MAE  |[MSE MAE |MSE MAE|MSE MAE  |[MSE MAE

96 ]0.3610.390[0.369 0392 |0.408 0.434]0.396 0417 0400 0420 [0.3810.403]0.375 0.396 0373 0.394

= 192 |03910410/0.403 0412 [0.421 0.441{0.412 0431 0413 0429  |0.4190.427(0.411 0.424 0413 0423
| 33  [04180428(0427 0427  |0.461 0.470(0.440 0447 0445 0450  [0.439 0.443/0.429 0436 0432 0438
m| 720 |0.4420455/0.441 0456  |0.695 0.629(0.515 0.489 0514 0485 |0.463 0.474|0.440 0.463 0441 0464
| Avg  [04030421/0.410 0422  |0.496 0.494]0.441 0446|0443 0446  [0.4260.437(0.414 0430|0415 0430
96 027703370272 0334 |0.306 0.377/0.281 0343 0285 0346 [0.308 0.358/0.275 0336 0278  0.340

S| 192 |03510.386/0.337 0376 |0.423 0.447|0.351 0.390 0351 0391 |0.3700.398/0.337 0.376 0336 0378
| 33  [0.3710.399(0.356 0397  [0.555 0.532(0.365 0.406 0364 0403  |0.405 0.426|0.355 0.395 0356  0.394
m| 720 |03860.425/0.386 0426  |0.965 0.738(0.393 0432 0394 0433 |0.446 0.461|0.382 0.423 0383 0424
| Avg  [0.3460.387/0.338  0.383  |0.562 0.524]0.348 0.393 0349 0393  [0.3820.411]0.337 0.383 0338 0384
_| 96 ]02830337/0.303 0344 |0.3210.368(0.304 0350 0305 0352 0317 0.362(0.301 0347 0298 0345
S| 192 [0.3280.368[0.336 0364  [0.360 0.392(0.344 0374 0346 0372|0357 0.386(0.338 0370 0336 0372
E| 33 1036503920370 0384 |0.429 0.432/0379 0395 0376 0393|0389 0.407(0.371 0388 0372 0.390
M| 720 |04050421/0.426 0415 |0.474 0459|0431 0423 0434 0427 0442 0.435|0.424 0418 0420 0414
| Avg  ]0.3450380[0.359 0377  |0.396 0.413]0.365 0386|0365 0386 |0.376 0.398]0.359 0.381 [0357  0.380
| 96 ]0.1660254/0.164 0253 10.1870.279)0.165 0255 0.168 0256 [0.1850.267(0.165 0.254 0.170  0.257
S| 192 [02220293(0.218 0289  [0.265 0.341{0.222 0294 0221 0293 [0.2510.310(0.220 0291 0223 0.290
E| 336 1027203250272 0324 10.3330.383/0275 0328 0278 0328 [0.3170.353/0.272 0325 0272 0324
m| 720 ]03660.385/0.365 0382 |0.466 0.466(0.368 0384 0367 0382 |0.379 0.394|0.364 0381 0369  0.385
| Avg ]0.2570314[0.255 0312|0313 0.367]0.258 0.315 [0259 0315 [0.283 0.331/0.255 0313 [0259 0314
|96 [0.1460.194[0.162 0217 |0.178 0.246[0.173 0226 0.159 0215 [0.156 0.206/0.152 0205 0.149 0201
£l 192 ]0.1900.238/0.206 0256  |0.228 0.292(0.218 0263 0209 0257 [0.199 0.247/0.196 0241 0.191  0.239
S| 336 |02430279/0.253 0290 |0.319 0.372|0.264 0.296 0265 0297 |0.249 0.286|0.242 0.279 0238 0275
Z| 720 ]03170332/0.320 0336  [0.377 0.408]0.332 0344 0336 0345 ]0.3330.339/0.320 0332 0311 0324
| Avg  [02240261]0.235 0275 [0.276 0.330[0.247 0282 0242 0279 0234 0.270/0.228 0.264 0222 0.260
Zl 9% [0.1720.229/0.201 0257  |0.218 0.266[0.198 0257 0.183 0244 [0.201 0.267]0.184 0245 0.176 0231
S| 192 |0.1970254/0231 0274  |0.2500.299|0.232 0273 0234 0278 |0.2220.280(0.206 0.260 0.196  0.246
M| 336 |0.2110270[0238  0.282 [0.267 0.312|0.250 0283 0250 0288 [0.2330.293/0.215 0279 0212 0271
5| 720 [02160.2740.238 0282  [0.268 0.313{0.255 0.281 0256 0281 [0.2450.302|0.215 0275 0217 0273
A | Avg  [0.1990257/0.227  0.274  |0.251 0.298]0.234 0274|0232 0273  |0.2250.286]0.205 0.265 [0.200  0.255
96 ]0.1330.233]0.140 0233 |0.162 0.275/0.155 0259 0.156 0257 [0.1370.236(0.136 0.231 0.131  0.228

Al 192 ]0.1490.250/0.153 0245 |0.177 0.291{0.169 0270 0.168 0269 |0.160 0.253(0.151 0.249 0.150  0.247
G| 336 016302650170 0262 |0.1950.309/0.183 0286 0.183 0288 |0.169 0.266(0.166 0.264 0.165  0.265
720 [0.1990.293)0.208  0.295  [0.215 0.326(0.210 0312 0215 0319 ]0.2050.300/0.198 0291 0200  0.297

| Avg [0.1610.260[0.168  0.259  |0.187 0.300/0.179 0282 |0.181  0.283  |0.168 0.264(0.163 0259  |0.162 0259
96 [0.3500.247|0.403 0277  |0.499 0.318]0.466 0294 0466 0291 [0.3910.286/0.365 0262 0367  0.265

2| 192 [03740263[0416 0280  [0.500 0.315/0.480 0302 0478 0300 [0.4210.297/0.396 0277 0400  0.281
F| 336 [03890.268[0.424 0285  |0.517 0.321(0.490 0307 0487 0305 [0.4320.302(0.405 0279 0402 0.276
E| 720 [04350.2930.456 0303 [0.549 0.332|0.521 0.319 0516 0317  [0.464 0.314]0.440 0302 0446 0.306

Avg  [0.3870.268|0.425  0.286  |0.516 0.322]0.489 0306 |0.487 0303  |0.427 0.300[0.402 0280 0404 0282

Total Avg  [0.290 0.319/0.302  0.324  |0.375 0.381]0.320 0336|0320 0335 |0.3150.337]0.295 0322 0295 0321
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Table 14: Full performance comparison between our DecompNet and other enhancement frameworks.
We conduct experiments in long-term forecasting tasks and adopt RLinear [14] as the backbone
model. The original backbone model equips with RevIN [11]] by default. And we replace RevIN with
other time series enhancement frameworks for comparisons. The input length is fixed as 384 and
the prediction lengths are in T € {96, 192, 336, 720}. Avg means the average results from all four
prediction lengths. A lower MSE or MAE indicates a better performance. The best results are in bold
and the second best are underlined. And Total Avg means the further average results from all eight
datasets.

Backbone Model: RLinear

Time Series [Decomposition-based| Prior-based | Normalization-based |Original Backbone Model
Enhancement ,
Frameworks +DecompNet +CycleNet [+SpraseTSF| +FAN +SAN +Dish-TS +RevIN
(Ours) [13] [16] [43] [20] o1 (10
Metric  |MSE MAE  |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
96 (0369 0392 ]0.374 0.396]0.402 0.417[0.395 0.419]0.381 0.398]0.419 0.433]0.372 0.397
=| 192 {0403 0412 |0.428 0.434/0.416 0.439 |0.446 0.455|0.416 0.419|0.447 0.451(0.411 0.421
E| 33 (0427 0427 [0.448 0.448(0.422 0.420 0.490 0.485(0.432 0.432(0.473 0.473|0.425 0.429
m| 720 [0441 0456 |0.462 0.4740.432 0.431|0.560 0.544|0.448 0.461|0.512 0.522|0.450 0.465
| Avg 0410 0422 |0.428 0.438]0.418 0.427]0.473 0.476]0.419 0.428|0.463 0.470]|0.415 0.428
96 (0272 0334 ]0.299 0.355[0.303 0.351]0.318 0.382|0.282 0.342(0.343 0.398/0.278 0.338
gl 192 {0337 0376 [0.3510.392(0.379 0.397(0.398 0.434/0.343 0.383|0.449 0.462|0.356 0.393
E| 33 (0356 0397 [0.3690.411(0.381 0.410 |0.454 0.465|0.366 0.4060.564 0.526(0.364 0.408
m| 720 (0386 0426 |0.4050.4390.390 0.424 |0.623 0.572|0.394 0.435|0.748 0.619|0.419 0.447
| Avg 0338 0.383  ]0.356 0.399]0.363 0.396]0.448 0.463]0.346 0.392|0.526 0.501|0.354 0.397
_| 96 0303 0344 [0.3120354[0.311 0.3530.301 0.350(0.297 0.347/0.312 0.354/0.316 0.355
S| 192 {0336 0364 0346 0.374/0.346 0.373 |0.341 0.375|0.334 0.366|0.345 0.375(0.337 0.366
E| 33 [0370 0384 03780392/0377 0.391 |0.376 0.3970.367 0.383/0.379 0.395|0.375 0.389
m| 720 0426 0415 0.4330.421|0.424 0.416|0.438 0.436|0.415 0.419|0.441 0.436|0.426 0.415
| Avg 0359 0377|0367 0.385]0.365 0.383]0.364 0.390|0.353 0.379]0.369 0.390(0.364 0.381
| 96 [0164 0253 0.1750260/0.180 0.268]0.177 0.266]0.177 0.272|0.178 0.275/0.164 0.253
| 192 0218 0289  ]0.223 0.296|0.231 0.301|0.276 0.344/0.224 0.3010.250 0.331|0.227 0.297
Bl 33 [0272 0324 102770330(0.288 0.3350.324 0.3710.276 0.337/0.328 0.385)0.275 0.329
m| 720 [0.365 0382 0.3720.391|0.371 0.386|0.420 0.434/0.362 0.391|0.450 0.456|0.368 0.386
| Ave 0255 0312 |0.2620.319]0.268 0.323]0.299 0.354]0.260 0.325]0.302 0.362[0.259 0.316
| 96 o162 0217 |0.166 0.2200.174 0.225|0.156 0.2090.152 0.2110.176 0.235]0.174 0.227
2| 192 [0206 0256 [0.2130.260(0.216 0.260 |0.202 0.2590.196 0.253|0.217 0.273|0.216 0.261
S| 336 (0253 0290  |0.2590.292/0.265 0.297 |0.255 0.297|0.246 0.204|0.262 0.311|0.263 0.294
2| 720 (0320 0336 |0.326 0.339]0.332 0.343 |0.320 0.352|0.321 0.346|0.325 0.362|0.329 0.340
| Avg 0235 0275  |0.2410.278]0.247 0.281]0.233 0.279]0.229 0.276]0.245 0.295(0.246 0.281
Z| 96 [0.201 0257  ]0.212 0.267]0.227 0.267 |0.197 0.248/0.198 0.253|0.224 0.294|0.223 0.297
g| 192 (0231 0274 ]0.240 0.293]0.259 0.2870.229 0.270|0.234 0.273|0.270 0.312(0.251 0.312
m| 336 (0233 0282 0.2550.302(0.276 0.297 |0.240 0.2800.243 0.287|0.264 0.323|0.265 0.338
5| 720 (0238 0282 |0.257 0.301]0.279 0.293(0.238 0.277|0.241 0.2810.266 0.326|0.284 0.345
B| Avg [0227 0274 [02410.291]0.260 0.286]0.226 0.269]0.229 0.274]0.256 0.314|0.256 0.323
96 [0.140 0233 ]0.139 0.233]0.147 0.241(0.140 0.239(0.140 0.234|0.160 0.266|0.151 0.251
| 192 {0153 0245 |0.154 0.247/0.157 0.250 |0.156 0.254/0.155 0.247/0.172 0.276|0.163 0.262
G 336 0170 0262 0.170 0264/0.174 0.268 |0.171 0.271/0.173 0.2670.187 0.2910.179 0.277
720 |0.208 0295  |0.208 0.297|0.211 0.298 |0.207 0.305|0.202 0.296|0.221 0.323|0.218 0.308
| Avg [0.168 0259  |0.168 0.260|0.172 0.264 |0.169 0.267]0.168 0.261]0.185 0.289(0.178 0.275
96 [0.403 0277  |0.4130.287]0.425 0.283]0.416 0.290|0.414 0.288]0.438 0.308(0.433 0.305
2| 192 0416 0280  |0.4210.290/0.436 0.292 |0.430 0.304(0.427 0.298(0.450 0.311(0.441 0.307
T| 336 (0424 0285  |04320.297/0.465 0.3100.443 0.311]0.441 0.305|0.462 0.317|0.453 0.313
| 720 [0456 0303 |0.459 0.306]0.497 0.330 |0.483 0.336|0.476 0.320|0.489 0.338|0.483 0.331
| Avg 0425 0286  |0.4310.295]0.456 0.304|0.443 0.310]0.440 0.303]0.460 0.319]0.453 0.314
1" Count | 23 29 |2 1|2 3|6 5|12 2|0 o0]1 2
Total Avg [0.302 0324 |0.3120.333]0.319 0.333|0.332 0.351]0.306 0.330/0.351 0.368|0.316 0.339
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Table 15: Full performance comparison between our DecompNet and other enhancement frameworks.
We conduct experiments in long-term forecasting tasks and adopt PatchTST [30] as the backbone
model. The original backbone model equips with RevIN [11]] by default. And we replace RevIN with
other time series enhancement frameworks for comparisons. The input length is fixed as 384 and
the prediction lengths are in T € {96, 192, 336, 720}. Avg means the average results from all four
prediction lengths. A lower MSE or MAE indicates a better performance. The best results are in bold
and the second best are underlined. And Total Avg means the further average results from all eight
datasets.

Backbone Model: PatchTST

Time Series [Decomposition-based| Prior-based | Normalization-based |Original Backbone Model
Enhancement ,
Frameworks +DecompNet +CycleNet [+SpraseTSF| +FAN +SAN +Dish-TS +RevIN
(Ours) [13] [16] [43] [20] o1 I
Metric  |MSE MAE  |MSE MAE|MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE
96 [0.361 0390  ]0.3820.407]0.368 0.393]0.418 0.430]0.410 0.418]0.405 0.422/0.376 0.401
=| 192 ]0.391 0410 ]0.419 0.428|0.398 0.410 |0.447 0.450|0.473 0.452|0.447 0.456(0.410 0421
E| 33 [0418 0428  [0.4530.456(0.434 0.437|0.490 0.476|0.568 0.502|0.481 0.481(0.434 0.439
m| 720 (0442 0455 |0.468 0.482]0.487 0.4860.557 0.530]0.578 0.530]0.579 0.535(0.451 0471
| Avg 0403 0421  |0.4310.443]0.422 0.432]0.478 0.472]0.507 0.476]0.478 0.474]0.418 0.433
96 [0277 0337  ]0.277 0.348]0.311 0.357]0.300 0.365]0.319 0.366|0.389 0.426/0.275 0.337
gl 192 {0351 0386 |0.3550.383|0.374 0.405 |0.387 0.423|0.396 0.427|0.496 0.468|0.354 0.388
E| 33 (0371 0399 [0.3810.411(0.375 0.409 0.453 0.507|0.414 0.436|0.507 0.496(0.368 0.403
m| 720 (0386 0425 |0.396 0.431]0.435 0.471|0.578 0.529|0.451 0.475|0.706 0.576|0.398 0.435
| Avg 0346 0387  |0.3520.393]0.374 0.411]0.430 0.456]0.395 0.426]0.525 0.492(0.349 0.391
_| 96 0283 0337  |0.2890.342(0.309 0.363 |0.303 0.351/0.289 0.34210.305 0.360(0.292 0.344
S| 192 0328 0368 0342 0.371/0.340 0.379 |0.341 0.374|0.334 0.370|0.351 0.383|0.340 0.374
Bl 336 [0365 0392 0.3650.389/0.395 0.411 |0.385 0.400/0.368 0.395/0.385 0.410/0.367 0.394
m| 720 {0405 0421 0.428 0.427]|0.429 0.434 |0.440 0.436|0.424 0.433|0.431 0.437|0.422 0427
| Avg 0345 0.380  ]0.356 0.382]0.368 0.397]0.367 0.390|0.354 0.385|0.368 0.398]0.355 0.385
| 96 0166 0254 0177 0.265/0.187 0.280(0.171 0.266]0.170 0.265]0.172 0.264/0.166 0.255
S| 192 {0222 0.293  |0.2340.307/0.242 0.316 |0.238 0.316|0.239 0.314/0.236 0.312(0.228 0.299
B 336 [0272 0325 102790.332/0291 0.341]0.305 0.365/0.377 0.390|0.304 0.352/0.280 0.331
m| 720 [0.366 0385 0.367 0.395|0.367 0.387 |0.414 0.435|0.550 0.475|0.420 0.437|0.373 0.389
| Avg 0257 0314  |0.264 0.325]0.272 0.331]0.282 0.346]0.334 0.361]0.283 0.341{0.262 0.319
| 96 ]0.146 0194 0.1450.1990.168 0.226|0.154 0.211[0.150 0.2080.150 0.207]0.150 0.201
LBl 192 {0190 0238 |0.188 0.240(0.208 0.261|0.199 0.254|0.194 0.251(0.195 0.256(0.194 0.244
S| 336 (0243 0279|0247 0.286]0.258 0.299 |0.249 0.295(0.243 0.203|0.248 0.304|0.243 0.279
2| 720 (0317 0332 ]0.316 0.333]0.331 0.353|0.317 0.346|0.322 0.344|0.324 0.370|0.319 0.333
| Avg 0224 0261  |0.2240.265]0.241 0.285]0.230 0.277]0.227 0.274]0.229 0.284(0.227 0.264
Bl 96 (0172 0229 ]0.198 0.266]0.196 0.273 |0.187 0.2430.183 0.240|0.180 0.2410.197 0.291
S| 192 0197 0254 10271 0320/0216 0286|0201 0.273)0.207 0.265)0.202 0.256/0.214 0.319
m| 336 (0211 0270  0.2430.306/0.232 0.298 |0.223 0.288|0.223 0.278|0.218 0.276/0.235 0.328
g 720 (0216 0274 |0.240 0.293]0.234 0.296(0.225 0.290|0.232 0.285/0.219 0.276|0.225 0.329
B| Avg 0199 0257 [0.2380.296]0.220 0.288]0.209 0.274|0.211 0.267|0.205 0.262]0.218 0.317
96 [0.133 0233 [0.1390.239]0.138 0.233]0.137 0.235]0.133 0.231]0.136 0.234/0.133 0.232
| 192 {0149 0250  |0.157 0.256|0.161 0.264 |0.152 0.250|0.148 0.248/0.151 0.246|0.148 0.246
G| 336 0163 0265 0171 0267/0.171 0.272 |0.168 0.2680.165 0.2670.166 0.26610.169 0.265
720 |0.199 0293 |0.2100.300/0.210 0.309 |0.202 0.300|0.197 0.294|0.199 0.295(0.202 0.295
| Avg [0.161 0260  |0.169 0.266]0.170 0.270|0.165 0.263]0.161 0.260|0.163 0.260(0.163 0.260
96 [0.350 0247  |0.411 0.295]0.396 0.274]0.405 0.284|0.408 0.282|0.394 0.277(0.385 0.277
2 192 0374 0.263  [0.4220.301{0.410 0.281(0.423 0.294|0.417 0.287|0.408 0.282(0.401 0.283
F| 336 (0389 0.268  |0.4320.309]0.421 0.287|0.437 0.302]0.436 0.298(0.423 0.291{0.410 0.287
| 720 (0435 0293 |0.4580.319]0.442 0.303 |0.476 0.321|0.464 0.313|0.452 0.309|0.443 0.304
| Avg 0387 0268  |0.4310.306]0.417 0.286|0.435 0.300]0.431 0.295]0.419 0.290[0.410 0.288
1" Count | 33 36 |5 20 1t |]o o5 2|0 2]6¢ 5
Total Avg [0.290 0319 |0.308 0.335[0.311 0.338 |0.325 0.3470.328 0.343|0.334 0.350|0.300 0.332
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S Showcases

S.1 Intuitive Comparison between Decoupled Training Strategy and Joint Training Strategy

We provide the intuitive comparison between our decoupled training strategy and previous joint
training strategy. We visualize the performance of two expert models in seasonal prediction task
and trend prediction task, respectively. The results are in Figure[I0]and[TT] When trained with our
decoupled training strategy, the trend expert model can perform much better in trend prediction task.
And the seasonal expert model can also better handle the details in seasonal prediction task.

Trend Prediction Task Seasonal Prediction Task

—— GroundTruth —— GroundTruth
15 ~—— Prediction —— Prediction

0 100 200 300 400 500 600 0 100 200 300 400 500 600

(a) Decoupled Training Strategy (Ours)

Trend Prediction Task Seasonal Prediction Task

—— GroundTruth —— GroundTruth
15 ~—— Prediction —— Prediction

0 100 200 300 400 500 600 0 100 200 300 400 500 600

(b) Joint Training Strategy (Previous Method)

Figure 10: Intuitive comparison between our decoupled training strategy and previous joint training
strategy. We visualize the performance of two expert models in seasonal prediction task and trend
prediction task, respectively. We conduct experiment in ECL dataset under input-384-predict-192
setting, using RLinear [[14] as the backbone model. The blue lines stand for the ground truth and the
orange lines stand for predicted values.
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Trend Prediction Task Seasonal Prediction Task
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(a) Decoupled Training Strategy (Ours)

Trend Prediction Task Seasonal Prediction Task

1.0 — GroundTruth —— GroundTruth
" | = Prediction 2 ~—— Prediction

-2

(b) Joint Training Strategy (Previous Method)

Figure 11: Intuitive comparison between our decoupled training strategy and previous joint training
strategy. We visualize the performance of two expert models in seasonal prediction task and trend
prediction task, respectively. We conduct experiment in Traffic dataset under input-384-predict-192
setting, using RLinear [[14]] as the backbone model. The blue lines stand for the ground truth and the
orange lines stand for predicted values.
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S.2 Intuitive Comparison among Different Enhancement Frameworks

To provide an intuitive comparison among different enhancement frameworks, we provide showcases
to the long-term forecasting tasks. The results are in Figure[I2] Among the various enhancement
frameworks, our DecompNet predicts the most precise future series variations and exhibits superior
performance.
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Figure 12: Visualization of ETTm2 predictions by different enhancement frameworks under the
input-384-predict-192 setting. We adopt PatchTST [30] as the backbone model for this visualization.
The blue lines stand for the ground truth and the orange lines stand for predicted values.
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