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Abstract

Long-term time series forecasting (LTSF) represents a critical frontier in time series
analysis, characterized by extensive input sequences, as opposed to the shorter spans
typical of traditional approaches. While longer sequences inherently offer richer
information for enhanced predictive precision, prevailing studies often respond
by escalating model complexity. These intricate models can inflate into millions
of parameters, resulting in prohibitive parameter scales. Our study demonstrates,
through both analytical and empirical evidence, that decomposition is key to
containing excessive model inflation while achieving uniformly superior and robust
results across various datasets. Remarkably, by tailoring decomposition to the
intrinsic dynamics of time series data, our proposed model outperforms existing
benchmarks, using over 99% fewer parameters than the majority of competing
methods. Through this work, we aim to unleash the power of a restricted set
of parameters by capitalizing on domain characteristics—a timely reminder that
in the realm of LTSF, bigger is not invariably better. The code is available at
https://github.com/JLDeng/SSCNN.

1 Introduction

Time series forecasting is a cornerstone in the fields of data mining, machine learning, and statistics,
with wide-ranging applications in finance, meteorology, city management, telecommunications, and
beyond (Jiang et al., 2021; Han et al., 2023a; Zhang et al., 2020; Wu et al., 2020, 2019; Cui et al.,
2023; Zhang et al., 2017; Liang et al., 2018; Zhu et al., 2024; Fan et al., 2022, 2023). Traditional
univariate time series models, such as Auto-Regressive Integrated Moving Average (ARIMA) and
Exponential Smoothing, fail to capture the intricate complexities present in open, dynamic systems.
Fortunately, the advent of deep learning has marked a significant shift in this domain. Recently, the
utilization of the Transformer (Vaswani et al., 2017) model has revolutionized time series forecasting,
setting new benchmarks in the accuracy of forecasting models due to its capability of depicting
intricate pairwise dependencies and extracting multi-level representations from sequences.

Inspired by the extraordinary power exhibited by large language models (LLMs), expanding model
scale has increasingly become the dominant direction in the pursuit of improvement for time series
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forecasting. Currently, the majority of advanced models require millions of parameters (Nie et al.,
2023; Zhang & Yan, 2023; Wu et al., 2023). With the recent introduction of pre-trained large language
models, such as LLaMa and GPT-2, the parameter scale has in�ated to billions (Jin et al., 2024; Cao
et al., 2024; Jia et al., 2024a; Zhou et al., 2023; Gruver et al., 2024). Despite the signi�cant increase
in the number of parameters to levels comparable to foundational models for language and image, the
ef�cacy of these models has seen only marginal improvements. In particular, these large models have
shown up to only a 30% improvement in MSE and MAE, yet at the cost of 100 to 1000 times more
parameters compared to a simple linear model across representative tasks (Nie et al., 2023; Cao et al.,
2024; Jin et al., 2024). Additionally, we have observed a convergence in the abilities demonstrated by
the models since the advent of PatchTST (Nie et al., 2023), with recent advancements achieving only
incremental improvements.

These evidences indicate that a large model may not necessarily be a prerequisite for the future of time
series forecasting, motivating us to explore the opposite trend—minimizing the number of parameters.
Before introducing our design, we re�ect on why existing methods struggle to maintain their optimal
effectiveness with a reduced number of parameters. Existing methods predominantly adopt data
patching over either the temporal or spatial dimensions (Zhou et al., 2021; Wu et al., 2021; Zhou
et al., 2022; Nie et al., 2023; Liu et al., 2024a; Zhang & Yan, 2023), which, in conjunction with the
attention mechanism, allows them to capture complex temporal and spatial dependencies. However,
a signi�cant drawback of data patching is the elimination of temporal (or spatial) identities along
with the destruction of temporal (or spatial) correlations, resulting in the potential loss of complex
temporal (or spatial) information. To counteract this undesirable information loss, these methods
establish a high-dimensional latent space to accommodate the encodings of the temporal and spatial
identities in addition to the embeddings of the real-time observations. As a result, the dimensionality
of the latent space typically scales with the number of identities to be encoded, inevitably leading
to the exponential in�ation of parameter scale. Moreover, the expansion of model size makes the
models prone to over�tting, a common challenge in time series tasks where data is often limited.

To achieve a capable yet parsimonious model, it is fundamentally paramount to reinvent the paradigm
to maintain and harness the spatial and temporal regularities, eliminating unnecessary and redundant
parameters for encoding them into the latent space. Recent studies (Deng et al., 2021, 2024; Wang
et al., 2024) showcase the potential of feature decomposition in attaining improved ef�cacy with
limited parameters. While remarkable progress has been made, these methods struggle with long-term
forecasting, especially for datasets exhibiting intricate temporal and spatial correlations, such as the
Traf�c and Electricity datasets (Deng et al., 2024). Moreover, the analytical aspect of decomposition
along with its relation to patching is under-explored, hindering further advancements in this line of
research.

In response to these limitations, we propose a Selective Structured Components-based Neural Network
(SSCNN). For the �rst time, we address the analytical gap in feature decomposition, providing insights
into its rationale for capability and parsimony compared to patching. In addition, SSCNN enhances
plain feature decomposition with a selection mechanism, enabling the model to distinguish �ne-
grained dependencies across individual time steps, which is crucial for improving the accuracy of
the decomposed structured components and, ultimately, the overall prediction accuracy. SSCNN has
been benchmarked against state-of-the-art (SOTA) methods, demonstrating consistent improvements
ranging from 2% to 10% in ef�cacy while using 99% fewer parameters than SOTA LTSF methods,
including PatchTST (Nie et al., 2023) and iTransformer (Liu et al., 2024a). Remarkably, it uses 87%
fewer parameters than DLinear (Zeng et al., 2023) when tasked with extensive long-term forecasting.
Our contributions can be summarized as follows:

1. We introduce SSCNN, a decomposition-based model innovatively enhanced with a selection
mechanism. This model is speci�cally designed to adeptly capture complex regularities in
data while maintaining a minimal parameter scale.

2. We conduct an in-depth comparison between decomposition and patching, examining both
capability and parsimony.

3. We carry out comprehensive experiments to demonstrate SSCNN's superior performance
across various dimensions. These extensive evaluations not only prove its effectiveness but
also highlight its versatility in handling diverse time series forecasting scenarios.
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2 Related Work

The �eld of time series forecasting or spatial-temporal prediction has traditionally leveraged multi-
layer perceptrons (MLPs) (Zhang et al., 2017), recurrent neural networks (RNNs) (BAI et al., 2020;
Zhao et al., 2019; Jiang et al., 2023; Jia et al., 2024b), graph convolution networks (GCNs) (Yu et al.,
2018), and temporal convolution networks (TCNs) (Bai et al., 2018). The recent development of
ST-Norm (Deng et al., 2021), STID (Shao et al., 2022a) and STAEformer (Liu et al., 2023) shows
promise in enhancing model capabilities to distinguish spatial and temporal features more effectively.
Motivated by the success of self-supervised learning and pre-training in natural language processing
(NLP) and computer vision (CV), these two techniques are also gaining attention and application in
this �eld (Guo et al., 2021; Shao et al., 2022b).

Over the last few years, the focus has shifted to long-term sequence forecasting (LTSF). The majority
of studies have concentrated on adapting the Transformer (Vaswani et al., 2017), successful in NLP
(Devlin et al., 2018) and CV (Khan et al., 2022), for LTSF tasks. Pioneering works like LogTrans
(Li et al., 2019) addressed the computational challenges of long sequences through sparse attention
mechanisms. Subsequent developments, such as Informer (Zhou et al., 2021), Autoformer (Wu
et al., 2021), and Fedformer (Zhou et al., 2022), introduced innovative approaches to improve
predictive accuracy with temporal feature characterization, autocorrelation-based series similarities,
and frequency domain conversions, respectively. Other notable contributions include the Non-
stationary Transformer (Liu et al., 2022) and Triformer (Cirstea et al., 2022). Furthermore, diverse
normalization techniques have been developed to mitigate the distribution shift present in time series
data (Liu et al., 2024b; Kim et al., 2021). Probabilistic forecasting (Kollovieh et al., 2024) and
irregular time series forecasting (Chen et al., 2024; Ansari et al., 2023) are two growing sub�elds
receiving increasing attention.

A signi�cant shift in LTSF research occurred with DLinear (Zeng et al., 2023), an embarrassingly
simple linear model. DLinear highlighted the limitation of Transformers in capturing the unique
ordering information of time series data (Zeng et al., 2023). To overcome this limitation, recent
methods like PatchTST (Nie et al., 2023), TimesNet (Wu et al., 2023), Crossformer (Zhang & Yan,
2023), and iTransformer (Liu et al., 2024a) blend the global dependency capabilities of Transformers
with the local order modeling strengths of MLPs. However, the success of these methods is achieved
at the cost of an enormous number of parameters.

A handful of emerging studies have sought to reduce parameter usage in pursuit of a parsimonious
model (Lin et al., 2024; Xu et al., 2024; Wang et al., 2024; Deng et al., 2024). The techniques
they employed to remove redundancies fall into three categories: downsampling (Lin et al., 2024),
decomposition (Deng et al., 2024; Wang et al., 2024), and Fourier transform (Xu et al., 2024; Yi et al.,
2024). Despite ef�cient parameter usage, these methods often compromise accuracy for speci�c
datasets, especially those presenting complex yet predictable patterns, such as Traf�c (Deng et al.,
2024; Xu et al., 2024).Our study, as far as we know, is the �rst to realize a parsimonious model
without any sacri�ce of capability.

3 Selective Structured Components-based Neural Network

In multivariate time series forecasting, given historical observationsX = f x1; � � � ; xN g 2 RN � T in

with N variates andTin time steps, we predict the futureTout time stepsX̂ 2 RN � Tout. The input data
goes through the processing, visualized in Fig. 1, for predicting the unknown, future data. Over the
course of prediction, a sequence of intermediate representations are yielded. Essentially, SSCNN is
structured into two distinct branches: the top branch illustrates the inference process used to derive the
components accompanied by the residuals, while the bottom branch depicts the extrapolation process,
forecasting the potential evolution of these components. The components and residuals obtained are
combined into a wide vector, which is then input into a polynomial regression layer to capture their
complex interrelations. In the following sections, we detail the inference and extrapolation processes
for these components, respectively.

3.1 Temporal Component

We invent temporal attention-based normalization (T-AttnNorm) to decompose the temporal compo-
nents, consisting of the long-term component, the seasonal component, and the short-term component,
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Figure 1: An overview of the SSCNN. The grids are used to exemplify the selection mapsI � andE�

as de�ned in the main text, withTin, Tout andN instantiated as 4, 4 and 3, respectively.

in a sequential manner. The inference for each of these three components is applied to the repre-
sentation of each series individually along the temporal dimension, with a selection/attention map
characterizing the dynamics of the component of interest. Upon inference, our model disentangles the
derived structured component from the data, resulting in a residual term summarizing other remaining
components. The initial representation of the time series, the derived structured component, and the
residual term are denoted asH � ; � � ; R � 2 RN � T in� d, respectively. The selection map is denoted as
I � 2 RT in� T in . T-AttnNorm is formulated as follows:

� �
i ; R �

i = T-AttnNorm(H �
i ; I � ); (1)

where� �
i = I � H �

i ; � �
i

2 = I � H �
i

2 � � �
i

2 + �; R �
i = H �

i � � �
i

� �
i

. To ensure the unbiasedness of� �
i and

� �
i , the sum of each row ofI � is constrained to 1. The distinction between the three components is

the realization ofI � . The residual term resulting from the current block is taken as the input for the
subsequent block, e.g.,H se = R lt .

Then, the component series and the residual series are respectively extrapolated to forward horizons
by a mapping parameterized withE� 2 RTout� T in :

�̂ �
i ; R̂ �

i = Extrapolate(� �
i ; R �

i ; E� ); (2)

where�̂ �
i = E� � �

i , R̂ �
i = E� R �

i , with �̂ �
i ; R̂ �

i 2 RTout� d, leading toR̂ � ; �̂ � 2 RN � T out� d. Similar
to I � , E� is also de�ned as a matrix with the sum of each row equal to 1. Next, we introduce how to
realizeI � andE� to extract and simulate the dynamics of the considered components, respectively.

Long-Term Component The long-term component aims to characterize the trend patterns of the
time series data. To acquire an estimation of the long-term component with less bias, we aggregate
the samples collected across multiple seasons, eliminating the seasonal and short-term impacts
that impose only local effects. The realizations of the inference and extrapolation matrices for the
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long-term component are given by:

I lt(i; j ) =
1

Tin
; Elt(i; j ) =

1
Tin

: (3)

The attention mechanism is excluded from the long-term component as it does not improve forecasting
accuracy in our datasets. The attention mechanism is bene�cial when a component's distribution
changes signi�cantly over time, helping to reduce estimation bias. However, for our long-term
component, the distribution remains stable throughout the input period. In such cases, the attention
mechanism adds no value, making it redundant and unnecessary.

Seasonal Component The seasonal component is created to model the seasonal �uctuation. In-
ference of the seasonal component operates under the assumption of a consistent cycle duration to
streamline the detection of seasonal trends. We introducec to indicate the length of a cycle,� in to
signify the maximal count of cycles encompassed by the input sequence, i.e.,� inc � Tin, and� out to
denote the minimal number of cycles covering the output sequence, i.e.,� outc � Tout. To simplify the
notation, we assume thatTin is a multiple ofc, i.e.,Tin = � in � c.

To acquire unbiased and precise seasonal components, we introduce a parameter matrixW se 2
R� in� � in , allocating distinct weights to each pair of periods to represent the inter-cycle correlations.
The matrix undergoes row-wise normalization via a softmax operation to satisfy the constraint on the
sum of 1. The selection map for inferring the seasonal component is de�ned as:

I se(i; j ) =

(
exp( W se

u;v )
P � in � 1

k =0 exp( W se
u;k )

u = bi
c c; v = bj

c c; i � j � 0 (mod c)

0 Otherwise
; (4)

whereb�cdenotes the �oor function.

When dealing with extrapolation, we de�nêW se 2 R� out� � in as the parameter matrix capturing the
correlations between each pair of cycles encompassed by the input and output sequences, respectively.
The selection map for extrapolating the seasonal component is written as follows:

Ese(i; j ) =

(
exp( Ŵ se

u;v )
P � in � 1

k =0 exp( Ŵ se
u;k )

u = bi
c c; v = bj

c c; i � j � 0 (mod c)

0 Otherwise
: (5)

Short-Term Component The short-term component discerns irregularities and ephemeral phe-
nomena unaccounted for by the seasonal and long-term components. In contrast to the long-term
component, it necessitates only a limited window size,� , encapsulating recent observations with
immediate relevance. Moreover, these observations exhibit varying degrees of correlation depending
on the associated lag. Therefore, the inference of the short-term component involves a parameter
vectorw st 2 R� , and is expressed mathematically as:

I st(i; j ) =

(
exp( w st

i )
P � � 1

i =0 exp( w st
i )

(i � j > = 0) ^ (i � j < � )

0 Otherwise
: (6)

The extrapolation of the short-term component bifurcates based on the targeted horizon. Immediate
horizons retain correlations with preceding estimations of the short-term component, prompting
regression-based forecasting with a parameter vectorŵ st 2 R� � � . Conversely, as the horizon extends
ahead, it accumulates compounded uncertainties, decreasing the predictability. Herein, we opt for
zero-padding to eliminate unnecessary parameters. The entire extrapolation is formalized as follows:

Est(i; j ) =

(
exp( ŵ st

i;j )
P � � 1

k =0 exp( ŵ st
i;k )

: (i < � ) ^ (j > T in � � � 1)

0 Otherwise
: (7)

3.2 Spatial Component

The spatial component refers to the component that is temporally irregular, i.e., cannot be captured
by the aforementioned three temporal components, but spatially regular, i.e., showing consistent
behavior across a group of residual series. The inference of the spatial component, referred to
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as spatial attention-based normalization (S-AttnNorm), shares a similar formula representation as
the temporal component, except that it is applied to each frame independently along the spatial
dimension:

� �
:;t ; R �

:;t = S-AttnNorm(H �
:;t ; I � ); (8)

where� �
:;t = I � H �

:;t ; � �
:;t

2 = I � H �
:;t

2 � � �
:;t

2 + �; R �
:;t =

H �
: ;t � � �

: ;t

� �
: ;t

. We acquire the similarities
among the series in terms of the spatial component by applying correlation to the residuals post
controlling the long-term, seasonal, and short-term components. Given that each series is represented
by aTin � d matrix in the hidden layer, we vectorize them before performing the measurement. This
results in a similarity matrixI si 2 RN � N , with each entryI si(i; j ) representing the conditional
correlation between thei th series andj th series:

I si(i; j ) =
exp(vec(H si

i )> vec(H si
j ))

P N
k=1 exp(vec(H si

i )> vec(H si
k ))

: (9)

Considering the erratic and unpredictable nature of the spatial component along time, we simply
realize component extrapolation with zero-padding:�̂ = 0 andR̂ = 0.

3.3 Component Fusion

The Polynomial Regression layer is inspired by the work of Deng et al. (2024), where we extend the
original module to include both additive and multiplicative relations. This extension allows us to
model more complex interactions between the decomposed components.

H i = Convk=1 (Convk (Si ) 
 Convk (Si )) + Convk (Si ); (10)

where

Si =
�
R lt

i ; � lt
i ; R se

i ; � se
i ; R st

i ; � st
i ; R si

i ; � si
i

�
:

The resultingH i is fed to the next layer asH lt
i for further manipulation.

4 Comparison Between Decomposition and Patching

Capability Analysis We �rst demonstrate that the representation space accommodating only a
plain single-step observation is ill-structured due to the entanglement of diverse component signals.
Then, we elucidate how patching and decomposition adjust the structure of the representation space,
facilitating the capture of faithful and reliable relations among the samples. The detailed derivations
for this section are provided in Appendix A.

For simplicity, we assume that time seriesx is driven by two distinct componentsa andb, but the
analysis can be trivially extended to cases with multiple components. Consider a triplet(x t 1 ; x t 2 ; x t 3 )
collected at three time stepst1, t2, andt3, respectively, wherex t i = at i + bt i for i = 1 ; 2; 3, subject
to at 1 = at 2 , bt 2 = bt 3 , andat 1 6= at 3 . We expect thatx t 1 should be closer tox t 2 thanx t 3 , given
kat 1 � at 2 k < kat 1 � at 3 k along withkbt 1 � bt 2 k = kbt 1 � bt 3 k. However, this relationship may
not necessarily hold with step-wise observations, i.e., there exist speci�ed triplets(x̂ t 1 ; x̂ t 2 ; x̂ t 3 ) such
thatkx̂ t 1 � x̂ t 2 k > kx̂ t 1 � x̂ t 3 k, due to the entanglement ofa andb.

Patching can rectify sample relations by creating orthogonality between distinct components, resulting
in a well-structured representation space. By incrementally augmenting the time series represen-
tation with preceding observations, i.e.,[x t � p; � � � ; x t ], thea-component ([at � p; � � � ; at ]) and the
b-component ([bt � p; � � � ; bt ]) become increasingly orthogonal, reducing negative interference caused
by their interactions. It is worth noting that while patching is widely acknowledged for enriching the
semantic information of step-wise data (Nie et al., 2023), no formal explanation from the perspective
of disentanglement has been offered yet.

Distinct from patching, which implicitly attenuates the interactions among distinct components,
decomposition can explicitly avert any interactions. This is done by �rst recovering and subsequently
distributing different components into disjoint sets of dimensions, completely isolating them in
independent subspaces. Speci�cally, this involves �nding a decomposition mappingD : at i + bt i !
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(at i ; bt i )
> such thatkD(x t 1 ) � D (x t 2 )k � k D(x t 1 ) � D (x t 3 )k. The effectiveness of decomposition

depends on how accurately the model can recovera andb. Thus, it is paramount to ensure that no
irrelevant information is included in estimating the component of interest, suggesting the necessity of
using a selection mechanism. The above analysis is based on deterministic data, but similar results
can be obtained if the data possesses stochasticity, which is the case for real-world applications. See
detailed discussion in Appendix A.

Parsimony Analysis To justify that SSCNN is fundamentally more parameter-ef�cient than
patching-based methods, we analyze how the number of required parameters scales withTin, Tout,
anddpatch/dstep, wheredpatchanddstep represent the dimensionalities of the representation spaces for
patching-based and decomposition-based methods, respectively.

Patching-based methods establish intense connections from backward variables to forward variables
via multiple layers of patch-wise fully-connected networks, typically necessitatingO(dpatchTinTout +
d2

patch) parameters (Nie et al., 2023). Empirically, the optimal performance of these models is achieved
whendpatch is adjusted within the range of 64 and 256, resulting in an explosion in the total number
of parameters, especially for largeTin andTout.

In the case of SSCNN, the portion scaling withTin, Tout, anddstep containsO(d2
step+ 1

c2 TinTout +
1
c2 T2

in + dstepTout) parameters. These come from three sources: the convolution operators in the
polynomial regression module, the attention map responsible for characterizing seasonal patterns, and
the predictor. In contrast todpatch, dstepcan be assigned a small number, e.g., 8, which is suf�cient to
prompt the model to exhibit its full potential, makingd2

steporders of magnitude smaller thand2
patch.

Additionally, SSCNN signi�cantly reduces the number of connections scaling withTin andTout from
dpatchTinTout to 1

c2 TinTout + 1
c2 T2

in + dstepTout, thanks to the capability of decomposition in eliminating
redundant correlations across variables, as further analyzed in Appendix D. The presence of the
scaling factor1

c2 makes SSCNN even more parameter-ef�cient than DLinear (Zeng et al., 2023) for
largeTin andTout, when the sum of terms related toTin andTout dominatesO(d2

step). The actual
results are presented in Sec. 5.2.

5 Evaluations

In this section, we conduct comprehensive experiments across standard datasets to substantiate from
various perspectives that SSCNN achieves SOTA performance with a minimal parameter count.

5.1 Experiment Setting

Datasets We evaluate the performance of our proposed SSCNN on seven popular datasets with
diverse regularities, including Weather, Traf�c, Electricity, and four ETT datasets (ETTh1, ETTh2,
ETTm1, ETTm2). Among these seven datasets, Traf�c and Electricity consistently show more regular
patterns over time, while the rest contain more volatile data. Detailed dataset descriptions and data
processing are provided in Appendix B.

Evaluation Metrics In line with established practices in LTSF (Nie et al., 2023; Wu et al., 2021),
we evaluate the model performance using mean squared error (MSE) and mean absolute error (MAE).

Baseline Models We compare SSCNN with the state-of-the-art models, including (1) Transformer-
based methods: Autoformer (Wu et al., 2021), Crossformer (Zhang & Yan, 2023), PatchTST (Nie
et al., 2023) and iTransformer Liu et al. (2024a), (2) Linear-based method: DLinear Zeng et al. (2023);
(3) TCN-based method: TimesNet Wu et al. (2023); (4) Decomposition-based method: TimeMixer
(Wang et al., 2024), SCNN (Deng et al., 2024). For implementing state-of-the-art models (SOTAs),
we adhere to the default settings as provided in the Time-Series-Library2.

Network Setting All the experiments are implemented in PyTorch and conducted on a single
NVIDIA 2080Ti 11GB GPU. For ECL and Traf�c, SSCNN is con�gured with 4 layers, and the
number of hidden channelsd is set to 8. We set� to a value fromf 2; 4; 8; 16g. The kernel size for the

2https://github.com/thuml/Time-Series-Library
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Table 1: Multivariate forecasting results with prediction lengths S2 {3, 24, 96, 192, 336}. Results
are averaged from all prediction lengths. Full results are listed in Appendix C. The best result is
highlighted inbold, and the second best is highlighted with underline.

Models
SSCNN
(Ours)

SCNN
(2024)

iTransformer
(2024)

TimeMixer
(2024)

PatchTST
(2023)

TimesNet
(2023)

Crossformer
(2023)

DLinear
(2023)

Autoformer
(2021)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ECL 0.118 0.2120.128 0.2220.121 0.216 0.123 0.2150.125 0.2190.163 0.2670.124 0.2210.141 0.2360.191 0.308
Traf�c 0.338 0.2350.360 0.2540.343 0.246 0.387 0.2710.349 0.2410.579 0.3140.375 0.2540.426 0.2900.583 0.420
ETTh1 0.330 0.3630.339 0.3680.359 0.387 0.348 0.3750.335 0.372 0.399 0.4180.349 0.3780.368 0.3930.452 0.466
ETTh2 0.255 0.3150.257 0.315 0.274 0.331 0.264 0.3240.264 0.3220.304 0.3560.289 0.3380.282 0.3380.365 0.411
ETTm1 0.242 0.3000.244 0.302 0.261 0.315 0.258 0.3160.248 0.3050.271 0.3180.272 0.3180.259 0.3120.464 0.445
ETTm2 0.158 0.236 0.158 0.2350.175 0.251 0.164 0.241 0.167 0.2400.180 0.2580.168 0.2440.167 0.2510.225 0.306
Weather 0.139 0.1750.140 0.178 0.158 0.190 0.143 0.1820.153 0.1840.165 0.2060.150 0.1940.161 0.2090.185 0.231

(a) (b) (c) (d)

Figure 2: Examination of parameter scale and computation scale against the forward window size
and the backward window size on the ECL dataset.

convolution used in polynomial regression is chosen as 2. The total number of parameters resulting
from this con�guration is around25,000. For the other �ve datasets showing unstable and volatile
patterns, the spatial component is found to be useless due to the absence of spatial correlations, thus
this component is disabled. Additionally, the number of layers is con�gured as 2, resulting in around
5,000parameters. During the training phase, we employ L2 loss for model optimization. In addition,
the batch size is set to 8, and an Adam optimizer is used with a learning rate of 0.0005.

5.2 Comparative Analysis with Baselines

Forecasting Accuracy As reported in Table 1, for Electricity and Traf�c, SSCNN showcased
remarkable pro�ciency by achieving the lowest MSE and MAE. Speci�cally, on the Electricity
dataset, SSCNN outperformed iTransformer and PatchTST, two representative baselines, by 2% and
4%, respectively. On the Traf�c dataset, SSCNN again surpassed them by 2% and 3%, respectively.
By comparing SSCNN to SCNN, the bene�t of the selection mechanism is evident, leading to
approximate 8% improvement, highlighting the necessity of modeling �ne-grained correlations
for complex yet regular patterns. On the other �ve datasets, we �nd that the attention mechanism
bene�ts little, resulting in comparable performance between SSCNN and SCNN. When it comes
to the comparative analysis with three leading Transformer-based models, including iTransformer,
PatchTST, and Crossformer, SSCNN exhibits notable improvements by 8.8%, 4.4%, and 8.3%,
respectively, on average. This suggests the competitiveness of SSCNN in handling irregular dynamics.

Parameter Scale Parameter scale is represented by the number of parameters. This metric varies
with the lookback window size and the forward window size for all models, as illustrated in Fig. 2a
and Fig. 2c, respectively. Apparently, SSCNN and DLinear emerge as the top two parameter-ef�cient
models, requiring99% fewer parameters than other models. Remarkably, SSCNN proves to be even
more parsimonious than DLinear when tasked with extensively long-term forecasting, showing a
considerable reduction of87% in parameter scale at the forward window size of 336.

Computation Scale Computation scale is measured using the number of �oating point operations
(FLOPs), as illustrated in Fig. 2b and Fig. 2d, respectively. SSCNN falls short in computation scale
compared to iTransformer. This is because, instead of performing compression using fully connected
layers, it manages and processes the entire sequence at each layer. As a result, the computational

8



(a) ECLTout = 24 (b) ECLTout = 96 (c) ETTh2Tout = 96 (d) ETTh2Tout = 336

Figure 3: Impacts of backward window size.

Figure 4: Sensitivity analysis of hyper-parameters on the ECL and Traf�c datasets.

cost scales with the sum of the backward window and forward window sizes, raising an issue to be
addressed in future work. Despite the relatively high computational cost, SSCNN has the potential to
be accelerated through parallel computing.

Sensitivity to Lookback Window Size As shown in Fig. 3, for ECL data, although SSCNN
initially lags behind other state-of-the-art models at a window size of 96, it progressively outperforms
them as more historical data is included. In contrast, iTransformer and Crossformer achieve advanta-
geous performance with shorter input ranges but exhibit diminished gains from extended historical
data. Furthermore, when handling the volatile �uctuations of ETTh2 data, SSCNN demonstrates
indisputably enhanced capability with respect to the lookback window size compared to competing
methods, some of which even show degraded performance due to the over�tting problem.

5.3 Comparative Analysis of Model Con�gurations

Analysis of Hyper-parameters As shown in Fig. 4, the ef�cacy of SSCNN is impacted by
adjustments to the �ve considered hyperparameters, showing up to a 10% difference between the best
and the worst records. Focusing on the performance change against cycle length, we �nd that the
misalignment between the con�gured value and the authentic value of 24 results in a signi�cant drop in
effectiveness, verifying our presumption. Additionally, the short-term span also has a non-negligible
in�uence on the outcome.

(a) ECL (b) Traf�c

Figure 5: Performance comparison with various component
in ECL and Traf�c dataset.

Ablation Study We create seven
variants: The �rst six variants are used
to assess the individual contributions
of the four components as well as the
two introduced attention maps, respec-
tively. The last variant, represented as
'w FCN', is constructed by inserting
an additional fully-connected network
(FCN) between backward variables
and forward variables to verify the re-
dundancy of the FCN, which is preva-
lently adopted by previous works (Liu
et al., 2024a; Nie et al., 2023) to cap-
ture temporal correlations, under the
framework of SSCNN. It is evident
from Fig. 5 that all these components
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are vital, with the seasonal component being the most prominently important. Interestingly, our
approach shows that basing dependencies on the evaluation of inter-channel conditional correlations
actually enhances outcomes, contradicting the evidence delivered by Han et al. (2023b); Nie et al.
(2023), where a channel-dependent strategy was seen as detrimental to model performance. Fur-
thermore, we note that 'w FCN' does not bring any bene�t, proving the suf�ciency of the proposed
inference and extrapolation operations for characterizing useful dynamics.

6 Conclusions, Limitations and Broader Impacts

In this research, we developed SSCNN, a structured component-based neural network augmented
with a selection mechanism, adept at capturing complex data regularities with a reduced parameter
scale. Through extensive experimentation, SSCNN has demonstrated exceptional performance and
versatility, effectively handling a variety of time series forecasting scenarios and proving its ef�cacy.

While the proposed SSCNN model achieves satisfactory results in reducing parameter usage, it
falls short in terms of computational complexity, as shown in Fig. 2b and Fig. 2d. This drawback,
however, has the potential to be mitigated in future work by identifying and eliminating redundant
computations with down-sampling techniques. Moreover, our future research will explore the
potential for automating the process of identifying the optimal neural architecture, using these
fundamental modules and operations as building blocks. This approach promises to alleviate the
laborious task of manually testing various combinations in search of the optimal architecture for each
new dataset encountered.

Time series forecasting can signi�cantly bene�t various sectors, including meteorology, economics,
traf�c management, and healthcare. However, it also poses potential negative impacts. Inaccurate
forecasts can lead to signi�cant economic or operational disruptions. Additionally, the large amounts
of data required for accurate forecasting may include personal or sensitive information, raising
concerns about data privacy and potential misuse.
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A Additional Materials for Section 4

Suppose the time seriesx is driven by two distinct vector componentsa andb. Considering a triplet
(x t 1 ; x t 2 ; x t 3 ) sampled from three time stepst1, t2 andt3, respectively, wherex t i = at i + bt i for
i = 1 ; 2; 3, subjecting toat 1 = at 2 , bt 2 = bt 3 andat 1 6= at 3 . To examine the relationship between
kx t 1 � x t 2 k andkx t 1 � x t 3 k, we analyze the difference between the squares of them:

kx t 1 � x t 2 k2 � k x t 1 � x t 3 k2 = kat 1 + bt 1 � at 2 � bt 2 k2 � k at 1 + bt 1 � at 3 � bt 3 k2

= kbt 1 � bt 2 k2 � k at 1 + bt 1 � at 3 � bt 2 k2

= �k at 1 � at 3 k2 � 2hat 1 � at 3 ; bt 1 � bt 2 i : (11)

Therefore, the sign of the difference is determined by the relation betweenat 1 � at 3 andbt 1 � bt 3 .
If at 1 � at 3 andbt 1 � bt 3 are orthogonal, implying that their inner product is zero, then Eq. (11)
can be further reduced to�k at 1 � at 3 k2, resulting in a rigorously negative number, which means
thatx t 1 is constantly closer tox t 2 thanx t 3 . Whereas, if they are not perpendicular to each other,
which is the case for the step-wise representations of time series data, the sign can be arbitrary. To
make it more accessible, we expressbt 1 � bt 3 as the addition of two components, i.e.,v1 + v2, where
v1 = � (at 1 � at 3 ), representing the projection ofbt 1 � bt 3 on at 1 � at 3 , andv2 = bt 1 � bt 3 � v1,
explaining the residual part. Substituting this expression ofbt 1 � bt 3 into Eq. (11), we obtain
� (1 + 2 � )kat 1 � at 3 k2. At this point, it is easy to capture that the relationship betweenkx t 1 � x t 2 k
andkx t 1 � x t 3 k depends on the value taken by� . Therefore,x t 1 is likely to be farther tox t 2 than
x t 3 , evenx t 1 andx t 2 share one same component.

The patching operation, i.e.,P : x t ! (x t � p; � � � ; x t )> , restructures the representation space by
adjusting the distances among the samples. In particular, the difference betweenkx t 1 � x t 2 k and
kx t 1 � x t 3 k is transformed into the following form:

kP(x t 1 ) � P(x t 2 )k2 � k P(x t 1 ) � P(x t 3 )k2

= k(x t 1 � p � x t 2 � p; � � � ; x t 1 � x t 2 )k2 � k (x t 1 � p � x t 3 � p; � � � ; x t 1 � x t 3 )k2

= k(at 1 � p � at 2 � p; � � � ; at 1 � at 2 )k2 + k(bt 1 � p � bt 2 � p; � � � ; bt 1 � bt 2 )k2

+ 2h(at 1 � p � at 2 � p; � � � ; at 1 � at 2 ); (bt 1 � p � bt 2 � p; � � � ; bt 1 � bt 2 )i

� k (at 1 � p � at 3 � p; � � � ; at 1 � at 3 )k2 � k (bt 1 � p � bt 3 � p; � � � ; bt 1 � bt 3 )k2

� 2h(at 1 � p � at 3 � p; � � � ; at 1 � at 3 ); (bt 1 � p � bt 3 � p; � � � ; bt 1 � bt 3 )i : (12)

Given thata and b display independent dynamics, the correlation between(at � p; � � � ; at ) and
(bt � p; � � � ; bt ) is increasingly approaching zero asp grows. Therefore, any terms involving the inner
product betweena andbcan be ignored. However, another critical prerequisite needs to be additionally
satis�ed for the success of recti�cation:[at 1 � p; � � � ; at 1 ] should be closer to[at 2 � p; � � � ; at 2 ] than
[at 3 � p; � � � ; at 3 ] provided thatat 1 = at 2 andat 1 6= at 3 . This also applies to theb-component. For
components showing stable and consistent behaviors, such as long-term and seasonal components,
this prerequisite readily holds for arbitrarily large patch sizes. In contrast, for volatile components,
such as the short-term component, the patch is likely to contain increasingly irrelevant information as
p grows, resulting in an adversely increased disparity betweenx1 andx2. Therefore, patching-based
methods fall short in capturing the short-term component.

By using the decomposition mappingD : at i + bt i ! (at i ; bt i ), we havekD(x t 1 ) � D (x t 2 )k =
k(0; bt 1 � bt 2 )k � k (at 1 � at 3 ; bt 1 � bt 2 )k = kD(x t 1 ) � D (x t 2 )k. Therefore, we obtainkD(x t 1 ) �
D (x t 2 )k � k D(x t 1 ) � D (x t 3 )k. We now extend our analysis to the case where the time seriesx is
sampled from different data distributions, e.g., Gaussian mixture models. Speci�cally, we consider a
triplet (x t 1 ; x t 2 ; x t 3 ), wherex t i is sampled from the distribution� 1N (� a;i ; � a I ) + � 2N (� b;i ; � bI ).
Here, the Gaussian distributionsN (� a;i ; � a I ) andN (� b;i ; � bI ) represent two different components
for x t i , and� i represents the weights for the Gaussian mixture model. The goal of the decomposition
approach is to decouple each component. Therefore, the decomposition projection will take the form
of D : � 1Na + � 2Nb ! (� 1Na ; � 2Nb)> . This decomposition projection can adjust the structure of
the representation space and better separate data with different distributions. To show this, we suppose
that � a;1 = � a;2 holds. Then for anyx3 sampled from� 1N (� a;3; � a I ) + � 2N (� b;3; � bI ) where
� b;3 = � b;2 holds, we expect that the distance betweenx1 andx2 is more likely to be closer than
the distance betweenx1 andx3, sincex1 andx2 have the same distribution component. However,
the original representation cannot guarantee that the inequalityEkx1 � x2k2 � Ekx3 � x1k2
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holds. By using the decomposition mapping,x t i is mapped to the vector(� 1at i ; � 2bt i )
> , where

at i andbt i follow the distributionsN (� a;i ; � a I ) andN (� b;i ; � bI ), respectively. Then we have
EkD(x t 1 ) � D (x t 2 )k2 = � 2

1Ekat 1 � at 2 k2 + � 2
2Ekbt 1 � bt 2 k2. Since� a;1 = � a;2, we have

Ekat 1 � at 2 k2 � Ekat 1 � at 3 k2. It follows that EkD(x t 1 ) � D (x t 2 )k2 � � 2
1Ekat 1 � at 3 k2 +

� 2
2Ekbt 1 � bt 3 k2 = EkD(x t 1 ) � D (x t 3 )k2. Therefore, the decomposition mapping ensures that

the inequalityEkD(x1) � D (x2)k2 � EkD(x1) � D (x3)k2 holds. This helps rectify the incorrect
relations between data.

B Data Details

B.1 Dataset Description

We evaluate the performance of our proposed SSCNN on 7 popular datasets with diverse regularities,
including Weather, Traf�c, Electricity and 4 ETT datasets (ETTh1, ETTh2, ETTm1, ETTm2). Among
these 7 datasets, Traf�c and Electricity consistently show more regular patterns over time, while
the rest datasets contain more volatile data. Weather dataset collects 21 meteorological indicators
in Germany, such as humidity and air temperature. Traf�c dataset records the road occupancy
rates from different sensors on San Francisco freeways. Electricity is a dataset that describes 321
customers' hourly electricity consumption. ETT (Electricity Transformer Temperature) datasets are
collected from two different electric transformers labeled with 1 and 2, and each of them contains 2
different resolutions (15 minutes and 1 hour) denoted with m and h. Thus, in total we have 4 ETT
datasets: ETTm1, ETTm2, ETTh1, and ETTh2. These datasets have been extensively utilized for
benchmarking and publicly available on Time-Series-Library3.

B.2 Data Preprocessing

For the datasets with a 1-hour sampling rate—Electricity, Traf�c, ETTh1, and ETTh2—the input
lengthTin is uniformly set at 168 for all models.Conversely, for datasets with a 10-minute or 15-
minute sampling rate,Tin is adjusted to 432 or 384, respectively, to ensure coverage of multiple
periods. The output length varies among {3, 24, 96, 192, 336}, accommodating both short-term
and long-term forecasts.To ensure fairness in the comparison, all competing methods adopt this
window size con�guration.Additionally, data are pre-processed by normalization and post-processed
by de-normalization across all baselines.

C Full Results

The full multivariate forecasting results are provided in the following section due to the space limita-
tion of the main text. We extensively evaluate competitive counterparts on challenging forecasting
tasks. Table 2 contains the detailed results of all prediction lengths of the seven well-acknowledged
forecasting benchmarks. The proposed model achieves comprehensive state-of-the-art in real-world
forecasting applications. We also report the standard deviation of SSCNN performance under �ve
runs with different random seeds in Table 3, which exhibits that the performance of SSCNN is stable.

D Implications of Decomposition on Spatial-Temporal Correlations

We showcase that decomposition facilitates to wipe out redundant correlations, leading to sparse
temporal and spatial correlation maps. We �rst de�ne two concepts, namely the conditional correlation
and conditional auto-correlation. Then, we utilize these two concepts to analyze the temporal
correlations and spatial correlations, respectively.

D.1 Conditional Correlation and Conditional Auto-correlation

Conditional correlation, or also known as partial correlation, refers to the degree of association
between two series, with the effect of a set of controlling series removed, while conditional auto-
correlation refers to the correlation of a series with a delayed copy of itself, given a speci�c set of
controlling series.

3https://github.com/thuml/Time-Series-Library
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Table 2: Long-term forecasting results on 7 real-world datasets in MSE and MAE. The best result is
highlighted inbold, and the second best is highlighted with underline.

Models
SSCNN
(Ours)

SCNN
(2024)

iTransformer
(2024)

TimeMixer
(2024)

PatchTST
(2023)

TimesNet
(2023)

Crossformer
(2023)

DLinear
(2023)

Autoformer
(2021)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
E

LC

3 0.057 0.1490.059 0.1520.059 0.152 0.060 0.1530.063 0.1600.119 0.2320.058 0.151 0.077 0.1750.147 0.273
24 0.093 0.1870.096 0.1920.094 0.189 0.097 0.1910.100 0.1970.135 0.2450.098 0.1950.122 0.2210.168 0.286
96 0.128 0.2210.148 0.2410.133 0.229 0.134 0.2260.136 0.2300.169 0.2720.136 0.2380.154 0.2480.186 0.301
192 0.151 0.2430.160 0.2520.154 0.247 0.152 0.244 0.152 0.244 0.191 0.2880.158 0.2550.168 0.2600.218 0.328
336 0.165 0.2610.181 0.2740.169 0.263 0.171 0.2620.172 0.2640.203 0.3000.173 0.2680.186 0.2770.238 0.351

Tr
af

�c

3 0.241 0.1890.246 0.194 0.250 0.197 0.265 0.1980.252 0.1950.510 0.2830.289 0.2100.331 0.2550.524 0.344
24 0.310 0.2230.316 0.234 0.316 0.234 0.343 0.2460.323 0.2290.531 0.2930.335 0.2310.402 0.2810.548 0.335
96 0.358 0.2440.386 0.2710.364 0.258 0.407 0.2780.371 0.2510.602 0.3190.392 0.2720.452 0.3020.603 0.368
192 0.384 0.2580.416 0.2800.389 0.270 0.452 0.3150.394 0.2600.615 0.3210.423 0.2690.465 0.3040.628 0.385
336 0.398 0.2640.437 0.2930.398 0.274 0.472 0.3210.409 0.273 0.640 0.3550.440 0.2990.480 0.3110.616 0.371

E
T

T
h1

3 0.144 0.239 0.146 0.2420.165 0.262 0.145 0.2450.148 0.2480.272 0.3370.142 0.241 0.170 0.2600.299 0.382
24 0.297 0.3440.304 0.3530.320 0.367 0.299 0.350 0.299 0.355 0.352 0.3930.318 0.3660.319 0.3620.442 0.466
96 0.363 0.3860.379 0.3980.388 0.407 0.388 0.4000.369 0.391 0.402 0.4210.381 0.4050.383 0.4010.456 0.469
192 0.404 0.4130.427 0.423 0.446 0.444 0.443 0.4370.413 0.425 0.464 0.4590.433 0.4310.429 0.4280.505 0.491
336 0.435 0.428 0.439 0.424 0.476 0.457 0.476 0.4440.448 0.4410.506 0.4820.471 0.4510.464 0.4440.560 0.522

E
T

T
h2

3 0.079 0.177 0.079 0.177 0.088 0.193 0.082 0.1790.081 0.1780.119 0.2320.079 0.1760.083 0.1820.203 0.310
24 0.165 0.258 0.163 0.2530.187 0.278 0.174 0.2660.176 0.2640.210 0.3010.180 0.2710.167 0.2610.318 0.393
96 0.285 0.3390.289 0.340 0.304 0.355 0.302 0.3550.300 0.3480.340 0.3790.328 0.3760.290 0.3490.378 0.417
192 0.356 0.3850.356 0.388 0.378 0.401 0.361 0.3920.359 0.3900.402 0.4170.396 0.4160.389 0.4160.437 0.452
336 0.392 0.419 0.395 0.417 0.417 0.428 0.405 0.4290.404 0.4340.451 0.4540.438 0.4300.484 0.4820.493 0.486

E
T

T
m

1

3 0.057 0.150 0.058 0.1510.062 0.161 0.069 0.1750.056 0.1490.067 0.1680.057 0.151 0.062 0.1560.227 0.315
24 0.185 0.2650.193 0.2700.211 0.290 0.204 0.2840.196 0.2770.201 0.2820.209 0.2820.214 0.2880.466 0.446
96 0.290 0.339 0.287 0.3390.305 0.354 0.314 0.3550.293 0.3420.324 0.3700.319 0.3550.308 0.3580.471 0.445
192 0.323 0.3620.327 0.366 0.346 0.377 0.331 0.3730.335 0.3690.393 0.4130.374 0.3900.341 0.3730.566 0.498
336 0.357 0.3840.358 0.385 0.381 0.397 0.373 0.3960.364 0.3890.371 0.3990.405 0.4140.372 0.3880.594 0.523

E
T

T
m

2

3 0.041 0.1170.042 0.119 0.044 0.127 0.043 0.1220.042 0.120 0.051 0.1430.042 0.120 0.044 0.1250.120 0.234
24 0.094 0.190 0.095 0.1920.102 0.200 0.097 0.1950.093 0.191 0.108 0.2100.098 0.1970.098 0.1980.151 0.262
96 0.165 0.254 0.163 0.2500.188 0.274 0.170 0.2580.171 0.2550.192 0.2780.177 0.2640.177 0.2730.231 0.317
192 0.221 0.293 0.221 0.2920.244 0.312 0.229 0.300 0.233 0.2960.241 0.3150.231 0.3030.228 0.3060.288 0.343
336 0.270 0.3260.271 0.326 0.299 0.345 0.282 0.3330.296 0.3390.309 0.3450.292 0.3390.291 0.3530.339 0.377

W
ea

th
er

3 0.044 0.0600.046 0.0660.046 0.062 0.045 0.062 0.045 0.064 0.055 0.0910.045 0.064 0.048 0.0740.054 0.087
24 0.087 0.1160.089 0.120 0.097 0.130 0.092 0.1330.093 0.1210.100 0.1420.093 0.1340.102 0.1470.119 0.167
96 0.142 0.196 0.142 0.1920.168 0.216 0.145 0.198 0.163 0.2070.173 0.2210.155 0.2120.171 0.2240.201 0.242
192 0.186 0.2310.186 0.234 0.213 0.252 0.191 0.240 0.203 0.2430.216 0.2660.194 0.2470.219 0.2820.253 0.311
336 0.238 0.2740.239 0.276 0.269 0.294 0.243 0.2800.262 0.2870.285 0.3140.264 0.3170.266 0.3210.302 0.350

Table 3: Robustness of SSCNN performance. The results are obtained from �ve random seeds.
Dataset ECL Traf�c ETTh1
Metrics MSE MAE MSE MAE MSE MAE

3 0.057� 0.000 0.149� 0.000 0.241� 0.003 0.189� 0.001 0.144� 0.004 0.239� 0.003
24 0.093� 0.001 0.187� 0.002 0.310� 0.004 0.223� 0.003 0.297� 0.003 0.344� 0.003
96 0.128� 0.002 0.221� 0.003 0.358� 0.002 0.244� 0.002 0.363� 0.002 0.386� 0.004
192 0.151� 0.000 0.243� 0.001 0.384� 0.004 0.258� 0.002 0.404� 0.003 0.413� 0.005
336 0.165� 0.003 0.261� 0.003 0.398� 0.002 0.264� 0.002 0.435� 0.003 0.428� 0.004

Datasets ETTh2 ETTm1 ETTm2
Metrics MSE MAE MSE MAE MSE MAE

3 0.079� 0.000 0.177� 0.001 0.057� 0.001 0.150� 0.002 0.041� 0.002 0.117� 0.002
24 0.165� 0.001 0.258� 0.002 0.185� 0.002 0.265� 0.003 0.094� 0.001 0.190� 0.001
96 0.285� 0.001 0.339� 0.001 0.290� 0.003 0.339� 0.001 0.165� 0.001 0.254� 0.002
192 0.356� 0.004 0.385� 0.004 0.323� 0.003 0.362� 0.004 0.221� 0.001 0.293� 0.002
336 0.392� 0.004 0.419� 0.002 0.357� 0.003 0.384� 0.001 0.270� 0.002 0.326� 0.003

De�nition 1 (Conditional Correlation). Let X andY be two real-valued, one-dimensional series,
andZ ann-dimensional control series. DenoteX i , Yi , andZi as thei th observations of each series,
respectively. The conditional correlation is de�ned based on the residuals inX andY that are
unexplained byZ. The residuals are calculated as follows:

RX;i = X i � wX � zi ;
RY;i = Yi � wY � zi ;
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wherewX andwY are obtained by minimizing the respective squared differences:

wX = arg min
w

(
NX

i =1

(X i � w � Z i )2

)

;

wY = arg min
w

(
NX

i =1

(Yi � w � Z i )2

)

:

The conditional correlation̂� XY jZ is then computed using these residuals:

�̂ XY jZ =
P N

i =1 RX;i RY;iq P N
i =1 R2

X;i

q P N
i =1 R2

Y;i

:

De�nition 2 (Conditional Auto-correlation). Extending the concept of conditional correlation to
auto-correlation, we analyze a series' correlation with its own past values in the context of other
variables. For a time seriesY and control variablesZ, the residual is computed as:

Ri = Yi � w � Z i ;

wherew is determined by minimizing the squared differences:

w = arg min
w

(
NX

i =1

(Yi � w � Z i )2

)

:

The conditional auto-correlation is then de�ned as:

�̂ Y jZ (� ) =

P N
i =1+ � Ri Ri � �

q P N
i =1 R2

i

q P N
i =1+ � R2

i � �

:

Here,� represents the time lag. The measure�̂ Y Y jZ (� ) quanti�es the correlation between the time
series and its� -lagged series, conditional onZ.

Both conditional correlation and conditional auto-correlation offer �exible and diverse instantiation
possibilities, relying on the de�nition of the conditional set. When this set is null, these measures
simplify to their standard forms of correlation and auto-correlation, respectively. This adaptability
allows for a broad range of analytical applications and interpretations. However, when utilizing
conditional auto-correlation for time series data analysis, we encounter a signi�cant challenge:
the limited information of the controlling variableZ. In practice, identifying and evaluating the
factors in�uencing our time series often requires external data sources, which are not always available.
Instead, we use the method proposed by SSCNN to approximate the components that can be explained
by factors with speci�c regularities. Figure 6 showcases the estimated components alongside
the residuals obtained by incrementally controlling the long-term (e.g., resulting from resident
population), seasonal (e.g., resulting from time of day), and short-term (e.g., resulting from occurrence
of an event) components.

D.2 Temporal Regularity

Temporal regularity can be captured by the evolution of conditional auto-correlation, as depicted in
Fig. 7 (a)(b)(c)(d), indicating how the structured components impact the temporal regularity of time
series. We can observe that the original time series degenerates into a sequence of nearly uncorrelated
residuals upon progressively controlling for long-term, seasonal, and short-term components. This
observation implies that these diverse components collectively elucidate the dynamics of time series,
rendering any remaining correlations super�uous. Therefore, isolating these components is imperative
to pinpoint and eliminate potential redundancy. Moreover, employing an operator with an extensive
receptive �eld, such as the MLP used in?Nie et al. (2023), becomes unnecessary for processing
decoupled data due to the minimal relevance of current observations to distant lags.

In addition, conditional auto-correlations display variations with increasing lag intervals, likely
attributed to cumulative noise. This �uctuation highlights the necessity for the selection mechanism,
to discern subtle differences, moving beyond basic approaches like moving averages that uniformly
treat all lags.
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