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Abstract

Accurate traffic forecasting plays a vital role in intelligent
transportation systems, enabling applications such as conges-
tion control, route planning, and urban mobility optimiza-
tion. However, traffic forecasting remains challenging due
to two key factors: (1) complex spatial dependencies aris-
ing from dynamic interactions between road segments and
traffic sensors across the network, and (2) the coexistence
of multi-scale periodic patterns (e.g., daily and weekly peri-
odic patterns driven by human routines) with irregular fluc-
tuations caused by unpredictable events (e.g., accidents or
weather disruptions). To tackle these challenges, we propose
HyperD (Hybrid Periodic Decoupling), a novel framework
that decouples traffic data into periodic and residual compo-
nents. The periodic component is handled by the Hybrid Pe-
riodic Representation Module, which extracts fine-grained
daily and weekly patterns using learnable periodic embed-
dings and spatial-temporal attention. The residual compo-
nent, which captures non-periodic, high-frequency fluctua-
tions, is modeled by the Frequency-Aware Residual Repre-
sentation Module, leveraging complex-valued MLP in fre-
quency domain. To enforce semantic separation between the
two components, we further introduce a Dual-View Align-
ment Loss, which aligns low-frequency information with
the periodic branch and high-frequency information with the
residual branch. Extensive experiments on four real-world
traffic datasets demonstrate that HyperD achieves state-of-
the-art prediction accuracy, while offering superior robust-
ness under disturbances and improved computational effi-
ciency compared to existing methods.

Code — https://github.com/11121202/HyperD

Introduction

The rapid development of urbanization and sensing tech-
nologies drives abundant spatial-temporal data across do-
mains such as traffic systems (Liu et al. 2024b; Zhou et al.
2020; Ma et al. 2023), power grids (Li et al. 2025), and envi-
ronmental monitoring (Liu et al. 2025¢). Among these, traf-
fic forecasting is a core task in intelligent transportation sys-
tems, as accurate flow prediction is essential for understand-
ing and managing urban mobility dynamics (Xia et al. 2025;

*Corresponding authors: Zijian Zhang and Xin Wang.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Ilustration of traffic flow in the PEMS04 dataset.
(a) Traffic flow for sensors 54, 73, and 299 over one week.
(b) Traffic flow of sensor 54 over three consecutive weeks.
Both images demonstrate the strong presence of periodic
patterns in traffic data.

Zhou et al. 2025). It requires traffic forecasting models to
well capture rich spatial dependencies and diverse temporal
patterns inherent in real-world road networks.

Driven by consistent human routines and recurring activ-
ity patterns, periodicity plays a fundamental role in the tem-
poral pattern of traffic data (Zhang, Zheng, and Qi 2017;
Yu et al. 2019). As illustrated in Figure 1, traffic flow curves
often repeat in consistent patterns across days and weeks,
while also showing notable variation across different sensor
locations. This indicates that periodicity is not only promi-
nent but also spatially diverse, making it a critical predic-
tive signal. As a result, many existing methods attempt to
leverage these patterns through trend-seasonality decompo-
sition (Yuan and Qiao 2024; Wang et al. 2024a; Cao et al.
2025), which separates the data into a trend component and
a seasonal component. However, these methods suffer from
two key limitations: @ Implicit Modeling of Periodicity
— Periodic information is split across trend and seasonal
components, overlooking its unified structure across time
scales and spatial locations. This fragmentation hinders di-
rect modeling of coherent periodic patterns. @ Inaccurate
Decomposition — Traditional decomposition methods are
non-learnable and inefficient, often resulting in misalign-
ment between trend and seasonal components, and poor per-
formance in capturing complex temporal patterns (Yu et al.
2024; Kim et al. 2025).

To move beyond implicit periodic modeling, recent meth-
ods like CycleNet (Lin et al. 2024) make initial strides to-
ward explicit periodic modeling. However, these approaches



can hardly tackle traffic forecasting because they fail to
model interactions between spatial locations and temporal
dynamics. Additionally, they consider only a single periodic
scale, leaving rich multi-scale periodic patterns underuti-
lized. Addressing these limitations requires a flexible frame-
work that can capture both multi-scale periodic patterns and
fine-grained spatial-temporal interactions. Furthermore, pe-
riodic patterns in traffic data are often overlapping and spa-
tially heterogeneous, while irregular fluctuations challenge
conventional modeling approaches.

To cope with limitations above, we propose HyperD, a
Hybrid Periodic Decoupling framework that decouples traf-
fic data into periodic and residual components, each mod-
eled by tailored mechanisms. (1) For implicit modeling of
periodicity, the Hybrid Periodic Representation Module
uses multiple learnable embeddings and a spatial-temporal
attention mechanism to model multi-scale periodic patterns.
The learnable embeddings are leveraged according to the
timestamps of traffic states and maintain multi-scale peri-
odic patterns explicitly, addressing the challenge of over-
lapping periodic patterns that existing methods often fail
to resolve. (2) For inaccurate decomposition, HyperD uses
the Frequency-Aware Residual Representation Module to
model residual dynamics, and further introduce the Dual-
View Alignment Loss to ensure separation between the two
branches. Specifically, this loss aligns low-frequency infor-
mation with the periodic branch and high-frequency infor-
mation with the residual branch, encouraging each compo-
nent to focus on its respective frequency band for more pre-
cise decoupling. This promotes divergence between periodic
and residual components, enabling HyperD to capture both
multi-scale periodic patterns and irregular fluctuations.
Our main contributions are as follows:

* HyperD is proposed as a novel framework that decouples
traffic data into periodic and residual components, ad-
dressing multi-scale periodic patterns and irregular fluc-
tuations for more accurate forecasting.

A Hybrid Periodic Representation Module captures
multi-scale periodic patterns using learnable embed-
dings and spatial-temporal attention mechanism, while a
Frequency-Aware Residual Representation Module mod-
els non-periodic fluctuations through a spatial-temporal
frequency encoder.

The Dual-View Alignment Loss ensures effective de-
coupling between periodic and residual components,
preventing semantic redundancy. Extensive experiments
demonstrate that HyperD outperforms existing methods
in accuracy, robustness, and computational efficiency.

Related Work
Spatial-Temporal Forecasting

Spatial-temporal graph neural networks (STGNNs) (Zhang
et al. 2023a; Miao et al. 2024; Liu et al. 2024a; Wang
et al. 2024c) have become a dominant approach in traffic
forecasting, as they jointly model spatial correlations and
temporal dynamics. The integration of LLMs with spatial-
temporal models has also shown strong potential for multi-
variate time-series forecasting (Liu et al. 2025a; Zhang et al.
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2023b; Liu et al. 2025b; Shen et al. 2025). For spatial mod-
eling, recent approaches typically employ graph neural net-
works (Wang et al. 2025; Yang et al. 2025; Fu et al. 2025;
Shen et al. 2024; He et al. 2025; Wang et al. 2024b; Shao
et al. 2025), to encode spatial correlations among sensors.
Representative examples include STGCN (Yu, Yin, and Zhu
2018) and DCRNN (Li et al. 2018), which build on fixed
road network structures, while GWNet (Wu et al. 2019) and
AGCRN (Bai et al. 2020) further introduce adaptive graphs
to capture time-varying spatial dependencies.

For temporal modeling, various architectures have been
explored. RNN-based models (Jiang et al. 2023b) capture
short-term sequential patterns, while TCNs (Wu et al. 2019;
Fang et al. 2021) employ dilated convolutions to model
longer temporal dependencies. More recently, Transformer-
based models (Jiang et al. 2023a; Gao et al. 2024) use atten-
tion mechanisms to capture complex temporal dynamics.

Spatial-Temporal Decoupling Methods

To handle the complexity of traffic dynamics, some re-
cent methods attempt to decouple spatial-temporal data
into interpretable components. D?’STGNN (Shao et al.
2022) decouples traffic signals into diffusion and inher-
ent components to model different propagation patterns.
STWave (Fang et al. 2023) disentangles representations of
traffic time series, separating complex traffic dynamics into
stable trends and fluctuating events. STDN (Cao et al. 2025)
decomposes traffic flow into the trend-cyclical and seasonal
components in view of spatial-temporal embeddings.

Methodology

Problem Definition. We represent the traffic network as a
directed graph G = {V, £, A}, where V is a set of N nodes,
corresponding to the traffic sensors deployed on the road
network. £ denotes the set of edges indicating the connec-
tivity between sensors. A € RV < is the adjacency matrix
that describes whether a connection exists between nodes.
Given a historical traffic time series X
{x1,29,...,27,} € RN where z; € RV rep-
resents the observation at time ¢ across N nodes, our
goal is to predict the future traffic states over the next
T5 time steps. We denote the predicted time series as
Y = {7 1:Ur 42U o1} € RT2XN | which is
obtained by:

X6y,

where fy is a mapping function parameterized by 6.

(D

Hybrid Periodic Representation Module

The overall framework of HyperD is shown in Figure 2.
To effectively capture multi-scale periodic patterns in traf-
fic data, we explicitly model periodicity using learnable em-
beddings. This allows HyperD to leverage prior knowledge
of daily and weekly temporal structures, which are among
the most dominant patterns in traffic data. This approach
can also be easily extended to other temporal patterns, such
as hourly or monthly. The Hybrid Periodic Representa-
tion Module consists of three main components: Learnable



Frequency-Aware Residual Representation Module
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Figure 2: Overview of HyperD, which comprises three main components: (1) The Hybrid Periodic Representation Module
encodes daily and weekly embeddings using the Spatial-Temporal Attentive Encoder and generates hybrid periodic patterns.
(2) The Frequency-Aware Residual Representation Module encodes the residual using a Spatial-Temporal Frequency Encoder
and combines it with the periodic component to yield the final prediction. (3) The Dual-View Alignment Loss separates the
prediction into low- and high-frequency parts, which are then aligned with the periodic and residual branches, respectively.

Daily Embeddings (LDE) and Learnable Weekly Embed-
dings (LWE), Spatial-Temporal Attentive Encoder (STAE),
and Hybrid Periodic Pattern.

Learnable Daily and Weekly Embedding The goal of
LDE and LWE is to explicitly capture the dominant daily
and weekly periodic patterns in traffic data, which are essen-
tial for accurate traffic forecasting. To achieve this, we intro-
duce two learnable embeddings: Pp € RE2*N for daily
patterns and Py, € REW XN for weekly patterns, where L p
and Lyy are the respective period lengths. These embeddings
allow the model to effectively represent periodic patterns at
multiple temporal scales.

The period lengths are determined by data sampling fre-
quency. For instance, with a 5-minute sampling rate, the
daily period length is Lp 288 and the weekly period
length is Ly, = 2016. To accelerate the convergence and in-
corporate temporal prior knowledge, we initialize these em-
beddings using a statistical prior initialization strategy. We
normalize the training data and compute the mean values for
each node at every time step within the day and week. These
mean values are used to initialize the embeddings, providing
a reliable starting point for learning periodic patterns.

As a core component of the Hybrid Periodic Representa-
tion Module, these learnable embeddings captures the pri-
mary periodic patterns in the traffic data. To refine these
embeddings and capture long-range dependencies, we in-
troduce the STAE, which combines spatial correlations and
temporal dynamics through attention mechanisms.

Spatial-Temporal Attentive Encoder To model interac-
tions among nodes and capture long-range dependencies, we
refine the learned periodic embeddings using the STAE. It
combines GCNs (Kipf and Welling 2017) with spatial and
temporal self-attention mechanisms to integrate both spatial
correlations and temporal dynamics. This encoder enhances
the embeddings, ensuring that both local and global depen-
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dencies are effectively captured.

Given a periodic embedding P € RL*N | where L de-
notes the period length (e.g., Lp for daily, Ly for weekly),
we first apply GCN to incorporate spatial correlations:

H=0(APW), 2)

where A € RV*N g the normalized Laplacian matrix,
W € RV*N s the trainable weight matrix, and o denotes
the ReL.U activation function.

To further capture long-range dependencies within the
periodic patterns, we apply the self-attention mecha-
nism (Vaswani et al. 2017) along both temporal and spatial
dimensions:

Q=HW! K=HW* V=HW"
KT 3
Attention(H) = softmax (Q ) V,
Vd

where H is the input feature matrix, and W7, W* W? are
the trainable projection matrices.

We perform temporal self-attention by treating each time
step as a query, with trainable projections Wi, WF W? ¢
RN*N We perform spatial self-attention by transposing H
and treating each node as a query, with trainable projections
Wi WE WY ¢ RLXL Let H; = Attention,(H) and
H, = Attention,(H")T denote the outputs of temporal
and spatial self-attention, respectively. The two outputs are
concatenated and fused through a linear projection:

P = W,[H;; H,], )
where P € REXN, W, € R2V*N s the trainable weight
matrix. The same operations are independently applied to
the daily and weekly embeddings, producing Pp € REpxN
and Py € REWXN | respectively. As the operations are
architecturally identical, we present a unified formulation

above for clarity. The refined embeddings, P and Py, are
integrated to form the Hybrid Periodic Pattern.



Hybrid Periodic Pattern To integrate daily and weekly
periodic patterns, we construct a hybrid periodic pattern by
aggregating the corresponding segments from the daily and
weekly embeddings. For each time step, we use two tempo-
ral metadata: the time of day and the day of week, to com-
pute the indices in the daily and weekly embeddings. The
daily index is given by ip = time of day. The weekly in-
dex is computed as iy = time of day + day of week x Lp.
Given the input time series X € RT1XN e retrieve the
corresponding segments from the daily and weekly embed-

dings, Pp and Py, using the indices i} and iyj,. These seg-
ments are denoted as:

SH(t) =Pplip(t).] Sy () =Pwlin (1), ], ©)
where ¢ € {1,...,71} represents the time steps in the his-

torical time series. These two segments are then aggregated
to form the hybrid periodic pattern for the historical time
series: S = S5 + Sy, R

Similarly, for the predicted time series Y, we retrieve
the corresponding daily and weekly segments for each time

stepst € {Th +1,..., 71 + Tx}:
S(1) = Poli" ()1 SW() = Pwlit(0). 1. ©

They are aggregated to form the hybrid periodic pattern for
the predicted time series: S°"* = SU' + Sout.

The Hybrid Periodic Pattern captures the primary peri-
odic dynamics in the data, setting a solid foundation for fore-
casting. However, traffic data also contains irregular fluctu-
ations that cannot be captured by periodic patterns alone. To
address this, we introduce the Frequency-Aware Residual
Representation Module.

Frequency-Aware Residual Representation Module

While daily and weekly embeddings capture stable periodic
patterns, traffic data also contains irregular fluctuations and
disruptions that deviate from these periodic behaviors. To
model these variations, we compute the residual component
as the difference between the original traffic data X and the
hybrid periodic pattern S™:

R"™ =X —S™". (7
These residual fluctuations often exhibit high-frequency
variations across both space and time. To better capture these
dynamics, the Frequency-Aware Residual Representation
Module applies a Spatial-Temporal Frequency Encoder
(STFE), which transforms the residual component into the
frequency domain. This encoder models frequency-specific
spatial and temporal behaviors, allowing the network to cap-
ture the high-frequency residual variations and complement
the periodic patterns for more accurate forecasting.

Spatial-Temporal Frequency Encoder To capture
spatial-temporal interactions in the residual component,
we transform it into the frequency domain along both the
spatial and temporal dimensions. In each dimension, we
apply a complex-valued MLP to model frequency-specific
behaviors. The transformed residual is then converted back
to the time domain.
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We first project the residual component R®* € RTixN
into a high-dimensional space, resulting in R™ ¢
RT1xNxD ‘where D is the embedding dimension. To enable
frequency-domain modeling, we apply Fast Fourier Trans-
form (FFT) along both dimensions:

= FFT,(R™, dim = spatial), (8)

where R§ € CT*N "D ig the spatial frequency representa-

tion, and N/ = [%J + 1 corresponds to the truncated spec-
trum due to symmetry in FFT.

Motivated by recent advances in frequency modeling (Yi
et al. 2023), we introduce a complex-valued MLP (C-MLP)
to refine the frequency representation. Operating in the fre-
quency domain with C-MLP is equivalent to convolution in
the time domain, enabling more efficient and global mod-
eling while reducing computational cost by focusing on the
essential frequency components:

Re(R1) = o (Re(R}) - W] —Im(R}) - W} + bj)
Im(Ry) = o (Im(R}) - W + Re(R%) - Wi+ b’)
Re(Rz2) = o (Re(R1) - W5 — Im(Ry) - Wi + b})

Im(R2) = o (Im(Ry) -
(CTl xN'xD

5+ Re(R1) - Wi +bj),

where Ro € is the output after applying C-
MLP to the spatial frequency representation, and Re(-) and
Im(-) denote the real and imaginary parts of a complex-
valued tensor, respectively. The weights W7, Wi e RP*D’,
W5, W, € RP™*P and by, b, € RP', by, b5 € RP are
the trainable parameters, and o denotes the ReLU activation
function. D’ is the hidden layer dimension.

After the frequency domain refinement, we apply the
Inverse Fast Fourier Transform (IFFT) to convert the fre-
quency representation back into the time domain:

R*® = IFFT,(R>,dim = spatial), (10)

where R* € RT1XN*D ig the refined residual representation
in the spatial domain. Similarly, we repeat the same process
(FFT, C-MLP, IFFT) along the temporal dimension to cap-
ture the temporal frequency behaviors:

Rt = FFT:(R®, dim = temporal)
Ry = C-MLP(R})
R! = IFFTy(

Finally, we add the residual connection and apply a linear
projection to forecast 75 future time steps:

R°" = Proj(R! + R™™). (12)

The final prediction is then computed by combining the
outputs of the hybrid periodic component S°“* and the resid-
ual component R°v:

Y = Sout 4+ ROvt, (13)

After obtaining the final prediction Y by combining the
hybrid periodic component S°% and the residual component
R°", we need to ensure the two components remain distinct
to maximize their complementary information. To achieve
this, we introduce the Dual-View Alignment Loss (DVA).

Y

5, dim = temporal).



Dual-View Alignment Loss

Despite being processed separately, the hybrid periodic and
residual components may still overlap in their representa-
tions, reducing the decoupling’s effectiveness. To address
this, the DVA explicitly enforces separation between the
low-frequency periodic component and the high-frequency
residual component.

We apply FFT to the predicted output Y to obtain its fre-
quency representation )A)f = FFT(Y), and divide the fre-
quency spectrum into low- and high-frequency parts using a
predefined threshold Fiqy:

VP = V5[0 Fiow] Y/ = Vi[Fow ], (14)
where )A/}OW represents the low-frequency part, which pre-
dominantly captures the hybrid periodic patterns (i.e.,
the periodic component), and y}“gh represents the high-
frequency part, which captures sharp fluctuations and non-
periodic variations (i.e., the residual component).

Next, we apply the IFFT to each part, recovering the cor-
responding time domain representations. The low frequency
part is compared with the hybrid periodic pattern S°%, while

the high frequency part is compared with the residual R°%,
both using the Mean Squared Errors (MSE):

Lava = MSE(IFFT(YF™),8°") + MSE(IFFT(J}"#"), R*").
15)
This loss enforces frequency alignment by encouraging
the low-frequency part of the prediction to match the peri-
odic component and the high-frequency part to match the
residual component, ensuring that the two branches capture
distinct and complementary information.
The prediction loss Lp,eq is computed as:

T +T> N

Epred = Z Z ’Yt,n — Ytg’tn .

t=T1+1n=1

(16)

where Ym denotes the predicted value at time step ¢ for

node n, and Ygtn is the corresponding ground-truth.
Finally, the total training loss £ combines the prediction

loss with the alignment loss:

L= ‘Cpred + ax Edvaa (17)
where « is a weighting coefficient that balances the contri-
bution of the alignment loss.

Experiments

In this section, we conduct comprehensive experiments to
evaluate HyperD from multiple perspectives. We aim to an-
swer the following key research questions:

Q1: How does HyperD perform compared to SOTA pre-
diction methods across diverse real-world traffic datasets?

Q2: What is the impact of each module on the overall
performance of HyperD?

Q3: How does HyperD perform in terms of reliability and
computational performance under real-world disturbances?
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Datasets

To assess the performance of HyperD, we conduct ex-
periments on four commonly used real-world traffic flow
datasets: PEMS03/04/07/08 (Song et al. 2020).

Baselines

To comprehensively evaluate our HyperD, we compare with
two lines of state-of-the-art methods, including (a) spatial-
temporal prediction methods: STGCN (Yu, Yin, and Zhu
2018), DCRNN (Li et al. 2018), GWNet (Wu et al. 2019),
ASTGCN (Guo et al. 2019), MTGNN (Wu et al. 2020),
STGODE (Fang et al. 2021), ST-WA (Cirstea et al. 2022),
DGCRN (Li et al. 2023) and STPGNN (Kong, Guo, and
Liu 2024), and (b) spatial-temporal decoupling methods:
D2STGNN (Shao et al. 2022), STWave (Fang et al. 2023),
CycleNet (Lin et al. 2024), and STDN (Cao et al. 2025). We
compare two CycleNet variants: CycleNet-W and CycleNet-
D, both built on an MLP backbone.

Experimental Setup

To ensure a fair comparison, we adopt the experimental set-
tings commonly used in previous studies (Shao et al. 2024).
The datasets are divided into training, validation, and test
sets with a ratio of 6:2:2, respectively. We use the past 12
time steps (previous hour) to forecast the next 12 time steps
(upcoming hour).

Main Results

To answer QI, we evaluate the overall prediction perfor-
mance of HyperD against existing methods, as shown in Ta-
ble 1. HyperD outperforms all compared models across the
datasets, demonstrating the effectiveness of our approach.
Key findings are as follows:

@® Decoupled methods generally outperform conven-
tional spatial-temporal prediction methods. While mod-
els like D2STGNN and STWave perform suboptimally on
three out of four datasets, their strong performance can be
attributed to their decoupled architectures, which separate
trend and seasonal components for more focused modeling.
Among non-decoupled methods, DGCRN performs well,
leveraging graph convolutions to capture spatial dependen-
cies and recurrent layers for temporal dependencies.

@ HyperD outperforms all decoupled methods, show-
casing the advantage of explicitly modeling periodic
patterns. HyperD reduces average MAE by 22.63% and
23.27% compared to CycleNet-D and CycleNet-W, respec-
tively. This highlights that HyperD ’s hybrid periodic pat-
tern, aided by spatial-temporal modeling, provides a more
comprehensive representation of multi-scale periodic pat-
terns compared to the single-scale design in CycleNet.

Ablation Study

To answer Q2, we conduct ablation studies in the PEMS04
and PEMSO08 datasets to assess the contribution of each
module in HyperD.

® Each module in HyperD significantly contributes to
its overall performance. Removing any module leads to a
noticeable decrease in accuracy, highlighting the importance



Method | Dataset \ PEMS03 \ PEMS04 \ PEMS07 \ PEMS08
| Metric | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
STGCN 1749 3012 17.15% | 2270 3555 14.59% | 2538 3878 11.08% | 18.02 27.83  11.40%
DCRNN 18.18 3031 1891% | 2470 38.12 17.12% | 2530 3858 11.66% | 17.86 27.83  11.45%
GWNet 19.85 3294 1931% | 2545 3970 17.29% | 2685 4278 12.12% | 19.13  31.05 12.68%
, ASTGCN | 17.69 29.66 19.40% | 22.93 3522 16.56% | 28.05 4257 13.92% | 18.61 28.16 13.08%
Pff;iit?&"g‘}’lﬂs MTGNN 1723 2589 17.35% | 19.98 3192 14.13% | 2392 3586 12.43% | 15.03 23.89 10.23%
STGODE | 1650 27.84 16.69% | 20.84 32.82 13.77% | 2299 37.54 10.14% | 1681 2597 10.62%
ST-WA 1517 2663 1583% | 19.06 31.02 12.52% | 2074 3405 877% | 1541 2462  9.94%
DGCRN 1474 2597 15.42% | 18.80 30.65 12.82% | 2048 3325 9.06% | 14.60 24.16  9.33%
STPGNN | 14.87 2589 15.54% | 18.86 30.13 13.14% | 21.77 3528 937% | 1469 2385  9.55%
D2STGNN | 1510 2657 15.23% | 1842 29.97 12.81% | 19.68 3324 843% | 1435 2418  9.33%
STWave 1484 2620 15.86% | 18.57 3024 12.57% | 1972 3372  8.19% | 13.84 23.60 9.19%
Spatial-Temporal | CycleNet-D | 17.54 2748  20.02% | 2334 36.11 1694% | 25.55 39.82 11.82% | 1889 2920 13.42%
Decoupling Methods | CycleNet-W | 18.34 28.57 20.25% | 2429 38.13 18.00% | 24.99 4025 11.01% | 1827 29.83 11.89%
STDN 1605 2751 17.71% | 18.67 3092 13.16% | 22.94 3606 10.32% | 1479 24.60 10.26%
| HyperD | 14.69 23.66 1576% | 1820 29.94 12.44% | 1937 3322 8.05% | 1359 2324 891%

Table 1: Performance comparison of all models on four real-world datasets. The best results are highlighted in bold, while the
second-best results are underlined. All results are the average value of 5 repetitions.

Dataset PEMSO04 | PEMSO08
Metric  MAE RMSE MAPE | MAE RMSE MAPE
w/o LDE 18.30 30.02 12.59% |13.64 2337 9.01%
w/oLWE 19.80 31.37 13.92% | 15.83 25.05 10.43%
w/o STAE 21.07 33.46 15.82% | 1597 2596 11.12%
w/o STFE 2524 41.07 17.57% | 1847 31.27 12.12%
Re-MLP 18.57 30.52 12.75% | 13.73 2342 9.07%
w/o DVA 1847 30.16 12.61% | 13.70 23.44 9.08%
HyperD 18.20 29.94 12.44% |13.59 2324 8.91%

Table 2: Ablation study results in the PEMS04 and PEMS08
datasets.

of each component. As shown in Table 2, we evaluate several
variants: w/o LDE, w/o LWE, w/o STAE, w/o STFE, Re-
MLP (replacing STFE with a simple MLP), and w/o DVA.

Notably, removing the LWE leads to greater degradation
than LDE. For example, in the PEMS04 dataset, the MAE
rises from 18.20 to 19.80 without LWE, whereas it increases
only to 18.30 without LDE. This is because weekly patterns
capture longer periodic structures, including both weekday
and weekend dynamics, thereby providing richer informa-
tion. Additionally, removing either STFE or STAE signifi-
cantly degrades performance. For instance, in the PEMS04
dataset, removing the STAE increases the MAE from 18.20
to 21.07, while removing the STFE leads to an even larger
increase to 25.24. This suggests that the spatial-temporal
modeling of the residual component plays a more critical
role than that of the periodic patterns, which captures sud-
den and irregular fluctuations that are not explained by reg-
ular periodic patterns.

@ Our statistical prior initialization outperforms all
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Dataset PEMS04 | PEMSO08
Metric MAE RMSE MAPE | MAE RMSE MAPE
Zero 1849 30.22 12.79% | 1421 2390 9.64%
Uniform 18.48 30.28 12.67% | 13.80 23.45 9.19%
Normal 18.76 30.48 13.17% | 13.89 23.59 9.26%
Xavier 1843 3020 12.72% | 13.82 23.47 9.22%
He 18.45 30.19 12.70% | 13.74 23.33 9.19%
HyperD 18.20 29.94 12.44% |13.59 23.24 8.91%

Table 3: Performance comparison of different initialization
strategies in the PEMS04 and PEMS08 datasets.

other initialization strategies, effectively learning mean-
ingful periodic embeddings. As shown in Table 3, Hy-
perD consistently achieves the best performance across both
the PEMS04 and PEMSOS8 datasets. This superior perfor-
mance, reflected in the lower MAE, RMSE, and MAPE val-
ues, demonstrates that statistical prior initialization signifi-
cantly enhances model convergence and the ability to learn
accurate periodic patterns. Compared to other initialization
strategies, HyperD ensures faster and more stable training,
leading to better overall results. Detailed descriptions of
these initialization strategies are provided in Appendix C.4.

Reliability and Computational Performance

To answer Q3, we evaluate the reliability and computational
performance of HyperD under real-world disturbances and
measure its efficiency in terms of computational time and
memory consumption.

® HyperD outperforms all other models, maintain-
ing the lowest performance drop under various traffic
perturbations, highlighting its superior robustness. We
simulate three types of traffic perturbations to evaluate the



EEE HyperD EEE D*STGNN

MAE

STWave STDN

MAE drop(%)

2 50

0 Original ~ Surge Interruption Shuffling Surge  Interruption Shuffling

RMSE RMSE drop(%)

25 25

0 Original  Surge Interruption Shuffling Surge  Interruption Shuffling

Figure 3: Robustness testing in the PEMS03 datasets.

Model Max Mem.(GB)  Epoch Time(s) Infer Time(CPU)
D?STGNN 17.90 57.29 8.00
STWave 10.28 49.65 7.11
STDN 15.65 59.20 7.10
HyperD 1.64 7.31 1.49
Reduction 6.27x | 6.79%x | 4.77x |

Table 4: Efficiency comparison of HyperD and other decou-
pled models in the PEMS04 dataset with a batch size of 64.

robustness of HyperD: (1) Sudden surge (values x1.5),
(2) Sudden interruption (values set to zero), (3) Segment
shuffling (values over four time steps reordered). Results for
PEMSO03 are shown in Figure 3, and additional results and
experimental settings are provided in Appendix C.5. While
all models suffer performance degradation under these dis-
turbances, HyperD consistently outperforms the other de-
coupled models, achieving the lowest MAE and RMSE
across all types of perturbations. Notably, HyperD exhibits
the smallest relative performance drop, indicating its robust-
ness in maintaining performance even when faced with dif-
ferent traffic disruptions. In contrast, D?STGNN and STDN
show significant performance declines, particularly under
the sudden interruption perturbation. Although STWave per-
forms better than the others, it still falls short of HyperD in
handling disruptions, confirming the advantage of our ap-
proach in handling real-world traffic disturbances.

® HyperD demonstrates clear advantages in memory
usage, training speed, and inference time, confirming its
efficiency for real-time applications. We assess the compu-
tational performance of HyperD by comparing it with other
decoupled models on the PEMS04 dataset, focusing on three
key metrics: Maximum Memory(peak GPU usage), Epoch
Time(average training time per epoch), Infer Time(average
prediction time per instance). As presented in Table 4, Hy-
perD demonstrates clear advantages in computational effi-
ciency. It requires significantly less GPU memory than other
models, trains faster per epoch, and achieves lower infer-
ence latency on the CPU. These improvements reflect the
lightweight design of HyperD and the effectiveness of its
architectural simplifications, making it well-suited for real-
world and resource-constrained applications.

15695

PEMSO03

£\
[

PEMSO03

A bbbt A

"“‘“NW\N

<

HyperD —— HyperD
~1.014 CycleNet-D -1 CycleNet-W
0 100 200 300 1000 1500 2000
PEMS04 PEMS04
1 —— HyperD 21 —— HyperD
" CycleNet-D ’ CycleNet-W
14
01 , \u M .

S

JVVVVVV

IOOO 1500

0 100
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Visualization of Periodic Embeddings

Although not central to our main research questions, we also
investigate whether HyperD can learn more expressive pe-
riodic representations compared to prior methods. @ Hy-
perD captures more expressive and detailed periodic pat-
terns, setting a new standard in modeling temporal dy-
namics and outperforming existing methods. As shown
in Figure 4, HyperD successfully learns detailed daily and
weekly embeddings, whereas CycleNet-D and CycleNet-W
yield compressed ones. The embeddings learned by HyperD
are more stretched and expanded along the temporal axis,
capturing clearer and more detailed periodic patterns. This
superior expressiveness, enabling clearer periodic patterns,
stems from HyperD’s spatial-temporal modeling that facili-
tates long-range interactions.

Conclusion

In this paper, we introduce HyperD, a novel Hybrid Peri-
odicity Decoupling Framework for traffic forecasting. Hy-
perD decouples traffic data into periodic and residual com-
ponents, each processed by the Hybrid Periodic Representa-
tion Module and the Frequency-Aware Residual Representa-
tion Module, respectively. We further introduce a Dual-View
Alignment Loss to promote effective and thorough decou-
pling between the two components. Extensive experiments
on four real-world datasets demonstrate that HyperD sur-
passes state-of-the-art methods in forecasting accuracy, ro-
bustness, and computational efficiency, highlighting the im-
portance of explicitly modeling periodic patterns.
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