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Abstract

Traffic prediction is critical for optimizing travel scheduling
and enhancing public safety, yet the complex spatial and tem-
poral dynamics within traffic data present significant chal-
lenges for accurate forecasting. In this paper, we introduce
a novel model, the Spatiotemporal-aware Trend-Seasonality
Decomposition Network (STDN). This model begins by con-
structing a dynamic graph structure to represent traffic flow
and incorporates novel spatio-temporal embeddings to jointly
capture global traffic dynamics. The representations learned
are further refined by a specially designed trend-seasonality
decomposition module, which disentangles the trend-cyclical
component and seasonal component for each traffic node at
different times within the graph. These components are sub-
sequently processed through an encoder-decoder network to
generate the final predictions. Extensive experiments con-
ducted on real-world traffic datasets demonstrate that STDN
achieves superior performance with remarkable computation
cost. Furthermore, we have released a new traffic dataset
named JiNan, which features unique inner-city dynamics,
thereby enriching the scenario comprehensiveness in traffic
prediction evaluation.

Introduction
With technological advancements, a diverse array of sen-
sors has been increasingly integrated into monitoring sys-
tems to bolster modern intelligent transportation systems
(ITS) (Cirstea et al. 2021; Ji et al. 2022; Dai et al. 2023).
Transportation authorities deploy a variety of sensors, such
as electronic police cameras and bayonet detectors, across
road networks to continuously collect essential traffic data,
including flow and speed. Utilizing historical traffic flow
data and road network topology, traffic forecasting aims to
predict future flow variations, thereby improving daily travel
and traffic management (Dai et al. 2021; Li et al. 2023).

In the realm of traffic forecasting, considerable efforts are
devoted to modeling traffic dynamics. Methods based on
deep learning, especially the Spatio-Temporal Graph Neu-
ral Networks (STGNNs), have proven more effective than
statistical time series analysis and shallow machine learn-
ing techniques in addressing traffic forecasting challenges.
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To address temporal dynamics, sequential models like RNN-
based variants (Graves and Graves 2012; Deng et al. 2022,
2024a) and non-sequential Transformers (Vaswani et al.
2017) have been profoundly studied. For spatial dynamics,
recent progress has been made with the Graph Neural Net-
works (GNNs) (Yin et al. 2021), which represent sensors as
nodes within a graph, leveraging graph structure to capture
traffic patterns. Despite these substantial advancements, our
study suggests that current methods still exhibit considerable
potential for improvement in two critical aspects.

Firstly, the prominent spatio-temporal characteristics in
traffic flow can be more effectively modeled with the ap-
propriate inductive bias. Although previous studies have
demonstrated (Zhang, Zheng, and Qi 2017; Yu et al. 2019;
Guo et al. 2019), traffic patterns are strongly influenced by
the specific temporal periodicities, most efforts have roughly
incorporated these temporal features into the models without
explicitly modeling the synergy between the long and short
periodicities (Chen et al. 2018; Deng et al. 2024b). Regard-
ing spatial aspects, while different locations exhibit unique
spatial characteristics, most GNN methods construct static
graphs based solely on the distances between two nodes, fail
to consider the global interactions among all nodes in the
graph (Yin et al. 2021).

Secondly, effective trend-seasonality decomposition of
traffic flow can greatly enhance the representation learning
of traffic nodes (Wu et al. 2021; Fang et al. 2023). Utiliz-
ing this methodology improves the prediction of traffic flow
by distinguishing systematic patterns and noise components.
However, the application of trend-seasonality decomposi-
tion predominantly to individual nodes in a traffic network
overlooks the interactions among global nodes, thereby di-
minishing the quality of node representations learned by
GNNs.

To bridge these research gaps, we introduce a
Spatiotemporal-aware Trend-Seasonality Decomposition
Network (STDN), which enhances global node represen-
tations through a novel trend-seasonality decomposition
incorporating spatio-temporal embeddings. It features three
key modules: (1) Module of Spatio-Temporal Embedding
Learning models the temporal periodicity by learning the
temporal embedding including specific weeks and minutes,
and acquires an initial spatial location embedding from the
eigenvalues and eigenvectors of the graph Laplacian matrix.
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(2) Module of Dynamic Relationship Graph Learning
explores the global dynamic interaction among traffic
nodes, enhanced by the spatio-temporal embedding, thereby
capturing the high-order relationships between each traffic
node. (3) Module of Trend-Seasonality Decomposition aims
to refine the node representations by disentangling the
traffic flow into the trend-cyclical and seasonal components,
which are further processed through an encoder-decoder
network. The contributions of our study are summarised as
follows:
• We propose the STDN model, a novel dynamic GCN-

based framework for traffic flow prediction. To our
knowledge, this is the first approach to learn disentan-
gled representations of traffic flow in view of the spatio-
temporal embeddings.

• We develop a novel trend-seasonality decomposition
mechanism. Each component of decomposition is de-
signed to be aware of the spatio-temporal embeddings,
enriching the model’s capability to capture high-order
node interactions across time and space.

• We conduct comprehensive multi-step traffic flow predic-
tion experiments on three real-world datasets. The exper-
imental results demonstrate that our method consistently
surpasses various competing baselines. Additionally, the
effectiveness of each module is verified through the ab-
lation study.

• We release a new urban dataset named JiNan, which,
unlike popular highway traffic datasets (e.g., PeMS) fo-
cuses more on the spatio-temporal dynamics of inner-city
traffic. We believe this dataset will further enrich the sce-
nario comprehensiveness in traffic flow prediction evalu-
ations.

Related Works
We discuss related works from three categories of methods
highly relevant to our study.

GCN-based Models. Methods such as STGCN (Yu, Yin,
and Zhu 2017) and DCRNN (Li et al. 2018) combine graph
convolution network (GCN) with sequential data to model
traffic flows. To address the limitations of predefined graphs
based on the traffic network, GWNet (Wu et al. 2019) and
AGCRN (Bai et al. 2020) introduce adaptive graphs within
GCNs, enhancing the capture of global and accurate spatial
dependencies in traffic data. STGODE (Fang et al. 2021) uti-
lizes tensor-based neural ODEs to mitigate the oversmooth-
ing problem in deep GCNs. Subsequently, dynamic graph
convolution (Han et al. 2021; Lan et al. 2022; Zhao et al.
2023) are utilized to incorporate more intrinsic dynamic in-
formation within the spatial structure. However, they lose
the guidance of prior knowledge, which may lead to under-
fitting and overfitting.

Attention-based Models. Attention-based models such
as GMAN (Zheng et al. 2020) and ASTGCN (Guo et al.
2019) directly capture global temporal correlations between
two time slices through attention mechanisms. Subsequent
models like SSTBAN, STWave, and PDformer (Guo et al.
2023; Fang et al. 2023; Jiang et al. 2023) extend this
approach by integrating intrinsic spatial correlations with

temporal dynamics through similar mechanisms. Although
these models have achieved success in several aspects, they
have not yet to fully leverage the potential of spatio-temporal
embeddings within traffic sequence data.

Decomposition-based Methods. Decomposing time se-
quence data into the trend-cyclical and seasonal components
has proven effective for prediction (Wu et al. 2021; Wang
et al. 2024). D2STGNN (Shao et al. 2022) distinguishes two
different types of hidden temporal signals: diffusion sig-
nals and intrinsic signals, which intriguingly parallel the
trend-cyclical and seasonal parts. Other models treat sea-
sonal part as delay signals (Jiang et al. 2023; Long et al.
2024). STWave (Fang et al. 2023) adopts a unique approach
by starting with the data itself, decomposing spatio-temporal
data into trend and event components using wavelet transfor-
mations. However, these models overlook the unique char-
acteristics across time and space.

Problem Definition
In this section, we define the key components and objectives
of our study, focusing on the structure of traffic networks
and the goals of traffic forecasting.

Definition 1 (Traffic Network) Given the real-world traf-
fic scenarios, we define the traffic network as a directed
graph G = {V, E ,A}, where V denotes a set of N nodes,
each corresponding to a different sensor within the road net-
work. E represents a set of edges that denote the connectivity
among the nodes. A∈ RN×N is the adjacency matrix that
models the connectivity between nodes.

Definition 2 (Traffic Forecasting) Given historical traffic
time series and the road topology, the objective of traffic flow
forecasting is to predict future values of traffic time series.
Specially, we represent the historical time series as a signal
tensor X = [X1,X2, . . . ,XT ] ∈ RT×N×C , where T is the
length of historical traffic time series and C is the number of
dimensions of node attributes. We aim to construct a func-
tion f(·) that maps the historical time series over T time
steps to predict the subsequent T ′ time steps:

[X1,X2, . . . ,XT ;G]
f(·)−→

[
X̂T+1, X̂T+2, . . . , X̂T+T ′

]
.

(1)

Methodology
STDN consists of three principal modules, which are intro-
duced as follows.

Module 1: Dynamic Relationship Graph Learning
To address the limitations of simple distance-based connec-
tivity, which overlooks the high-order relationships between
each node, we construct a dynamic relationship graph that
considers different time steps and nodes. This approach al-
lows us to model the complex higher-order spatio-temporal
relationships among all traffic nodes effectively.

Inspired by Han et al. (2021), we design three learn-
able matrices and a learnable core tensor to streamline the
constructing of the dynamic graph. These components in-
clude: a time slot embedding Et ∈ RNt×D, a starting
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Figure 1: The overview of the proposed framework. MLP: multi-layer perceptron, GCN: graph convolution network.

node embedding Es ∈ RNs×D, an ending node embedding
Ee ∈ RNe×D and the core tensor K ∈ RD×D×D. Here,
Nt, Ns, Ne and the D denote the number of time slots, start-
ing nodes, ending nodes and the dimension of the embed-
dings, respectively. The specific calculations are as follows:

A′
t,i,j =

D∑
o=1

D∑
q=1

D∑
r=1

Ko,q,rE
t
t,oE

e
i,qE

s
j,r,

A′′
t,i,j = max(0,A′

t,i,j),

At,i,j =
eA

′′
t,i,j∑Ns

n=1 e
A′′

t,i,n

.

(2)

Through this methodology, we derive a tensor A ∈
RNt×Ns×Ne that encapsulates the high-order connectivity
among global nodes across various time steps. Notably,
since the starting nodes can also serve as ending nodes, we
designate N = Ns = Ne for simplification.

Subsequently, to establish and analyze the relationships
between different nodes, we employ a dynamic graph con-
volution. This process involves the matrix multiplication of
the constructed adjacency matrix, the hidden states of the
nodes, and the learnable parameters across different graphs
at various time. The hidden states of the nodes are updated
by aggregating the hidden states of their neighbors through
weighted links at each time step:

HL =
L∑

l=0

(
A(t)

)l
Ht

lWl, (3)

where A(t) denotes the adjacency matrix extracted from the
tensor A at time slot t. The term (A(t))

l refers to the ma-
trix multiplication operation. Ht

l represents the output hid-
den states at the l-th layer, which serves as input for the

dynamic graph convolution in the l+1-th layer, Wl are the
parameters specific to the l-th layer, and H1

0 represents the
normalized traffic sequence data at first time step. Conse-
quently, through these operations, we generate the final out-
put HL ∈ RT×N×D which constitutes the processed se-
quence data.

Module 2: Spatio-Temporal Embeddings Learning
To more effectively capture the temporal correlations and
periodicities in traffic flow, we design a temporal context
embedding learning module. Given the time of day, repre-
sented as zdh ∈ RT and the day of the week, represented as
zwh ∈ RT , we extract temporal features and encode them by
one-hot. By concatenating these encoded features (denoted
by [,]), we generate an initial temporal embedding as below:

Zt
h = σ(W[onehot(zdh), onehot(z

w
h )]), (4)

where Zt
h ∈ RT×D, σ denotes the ReLU activation func-

tion. W comprises the trainable parameters. D specifies the
dimensionality of the temporal embedding.

To enhance the ability of the temporal embedding to learn
multi-resolution temporal features and to facilitate its inte-
gration with traffic time series, we refine the initial temporal
embedding using a bias-free MLP:

Mt
h = σ2(W2σ1(W1Z

t)), (5)

where σ1 denotes the ReLU activation function, σ2 is the
sigmoid activation function, and W1, W2 are the train-
able parameters. The resulting temporal embedding Mt

h ∈
RT×D is utilized in subsequent stages of the model.

To effectively model the structure of the road network, we
utilize the normalized Laplacian matrix, defined as:

∆ = I−D−1/2AD−1/2, (6)
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where A ∈ RN×N is the adjacency matrix, D is the degree
matrix, and I is the identity matrix. The Laplacian matrix’s
eigenvalues and eigenvectors encapsulate the spatial graph
information in Euclidean space. By decomposing the Lapla-
cian, we obtain the eigenvalue matrix and the eigenvector
matrix:

∆ = UΛU⊤, (7)
where U is the matrix of eigenvector and Λ is the matrix
of eigenvalue. To construct an initial spatial embedding, we
select the kr smallest nontrivial eigenvectors, resulting in Zs

∈RN×kr . To capture global information as comprehensively
as possible, we set kr to 32.

To enhance the spatial embedding to represent spatial fea-
tures and facilitate its integration with subsequent traffic
time series, we process the initial spatial embedding using
a bias-free MLP:

Ms = W2σ(W1Z
s), (8)

where σ is the ReLU activation function, D is the spatial em-
bedding dimension, and W1, W2 are the trainable parame-
ters. Ms ∈RN×D represents the spatial embedding that will
be utilized in sebsequent stages of the model.

To effectively integrate the spatio-temporal embeddings
with the traffic sequence data, we further propose a refined
spatial-temporal embedding learning module. Specifically,
this module involves broadcasting the spatial embedding
Ms across the dimension T to produce Ms ∈ RT×N×D,
and similarly broadcasting the temporal embedding Mt

h

across the dimension N to yield Mt
h ∈ RT×N×D. These

embeddings are then combined as follows:

M = σ1(Mt
h) + σ2(Ms), (9)

where M ∈ RT×N×D, σ1 represents the mathematical sine
function, σ2 denotes the ReLU activation function.

In this manner, we obtain the refined spatio-temporal in-
formation embeddings for each node at different times. The
use of the sine function is particularly beneficial as it not
only normalizes the data to a range between -1 and 1 but also
enables the model to effectively capture non-linear changes.
Specifically, when we generate the initial temporal embed-
ding Mt

h, we employ the sigmoid activation function, as
shown in equation 5. Consequently, after the application of
the sine function, the data is normalized to a range between
0 and 1, which is crucial for effectively fusing the embed-
ding with the traffic sequence data in subsequent processing
steps.

Module 3: Trend-Seasonality Decomposition
Given the strong correlation between the trend-seasonality
of a traffic node and its spatio-temporal context, the Trend-
Seasonality Decomposition module is designed based on
spatio-temporal embeddings learning. This module effec-
tively disentangles the traffic flow of each node into dis-
tinct trend and seasonal components, adjusting the represen-
tations to better suit the forecasting task.

When processing the traffic sequence data with trend-
seasonality decomposition, since the dimensionality of the
traffic hidden states and the spatio-temporal embeddings has

been aligned, we initially derive the trend component by
through multiplication-wise interaction between the hidden
states of the nodes HL and the spatio-temporal embeddings
M. The residual part constitutes the seasonal component.
The calculations are as follows:

X t = HL ⊙M,

X s = HL −X t,
(10)

where X s,X t ∈ RT×N×D denote the seasonal and the ex-
tracted trend-cyclical part respectively. ⊙ is the Hadamard
product. The trend component of traffic flow is generally
smooth and strongly influenced by the time and location of
the traffic node. Our approach is based on the mild assump-
tion that nearby times and locations yield similar trends,
while distinct times and locations exhibit unique traffic pat-
terns.

Encoder-Decoder Architecture
In this module, we utilize an encoder-decoder network to
extract deeper spatio-temporal features. For the encoding
process, we employ Gated Recurrent Unit (GRU) due to
its effectiveness in capturing temporal dependencies. For
the decoding process, we opt for the Transformer architec-
ture, primarily because of its unique multi-head attention
mechanism, which generates predictions with superior per-
formance. We denote use the GRU(·) to denote the Gated
Recurrent Unit as below:

Yt = GRU(X t),

Ys = GRU(X s),
(11)

where Ys,Yt ∈ RT×N×D represent the outputs of the GRU
encoder for the seasonal and trend components, respec-
tively. These outputs are then combined through element-
wise summation to produce the final output Y ∈ RT×N×D.

The Transformer architecture utilizes multi-head attention
mechanisms, which first projects the queries, keys and val-
ues into h different d-dimensional subspaces, and then exe-
cute the attention function in parallel:

MHSA(Q,K,V) = ⊕(head1, . . . , headh)W
O,

headj = softmax(
(QWQ

j )(KWK
j )⊤

√
d

)(VWV
j ),

(12)
where W is the training parameter.

Inspired by Guo et al. (2023), we incorporate a component
known as the Bottleneck Transformer Block (BT block) into
our architecture, strategically designed to reduce both tem-
poral and spatial complexity.

For the predicted time of day and day of the week, we
obtain the predicted time embedding Mt

p ∈ RT ′×D accord-
ing to equation 4 and equation 5. To align with the default
settings, we maintain T = T ′. Additionally, we extend the
temporal embedding Mt

p across the dimension N , resulting
in Mt

p ∈ RT ′×N×D.
To effectively prompt the decoder to focus on capturing

the high-order dynamics between time and space, we con-
catenate the predicted temporal embedding and spatial em-
bedding with the output from (l−1)th BT block as Z(l−1) ∈
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Datasets Nodes Edges Time Interval Time range

PeMS04 307 340 5min 01/2018-02/2018
PeMS07 883 866 5min 05/2017-08/2018

JiNan 406 324 5min 08/2016-09/2016

Table 1: Statistics of the datasets.

RT ′×N×D to obtain H(l) = (Z(l−1)||Mt
p||M

s) ∈
RT ′×N×3D. Besides, H(l−1)

:,v ∈ RT ′×3D represents the in-
put pertaining to node v across all time slices.

The specific BT block employs defined T ′ vectors
IT(l) ∈ RT ′×3D as trainable parameters within the model.
The transformation within the BT block is described by the
following equations:

IT′ = MHSA(IT(l),H(l−1)
:,v ,H(l−1)

:,v ) ∈ RT ′×3D,

Z(l)
:,v = MHSA(H(l−1)

:,v , IT′, IT′) ∈ RT ′×3D.
(13)

The initial input to the first BT block is Y sourced from the
encoder. The output from the final l BT block is denoted
as Z ∈ RT ′×N×D, which represents the projected future
representation of traffic flow.

Ultimately, to derive the expected traffic predictions, we
employ a fully-connected neural network that transforms the
future representation of traffic flow into the predicted values
X̂ ∈ RT ′×N×C . We utilize the L1 as the training loss func-
tion as below:

L =
T+T ′∑
t=T+1

N∑
n=1

|x̂n
t − ynt |. (14)

Experiments
Datasets
To evaluate the performance of STDN, we utilize three real-
world datasets, each offering unique traffic flow dynamics.
The dataset JiNan, which is first released by us, derived from
actual traffic flow statistics in a city, mirrors the setup in
(Song et al. 2020), where the time interval is set to 5 min-
utes. Detailed descriptions of these datasets are provided in
Table 1.

Baseline Methods
To assess the performance of STDN, we compare it against
a diverse range of established baselines:

• HA (Hamilton 2020) uses the historical average of input
data for prediction.

• ARIMA (Box et al. 2015) is a well-known statistical
model widely employed for time series forecasting.

• VAR (Lütkepohl 2005): is another traditional method for
time series forecasting.

• SVR (Wu, Ho, and Lee 2004) employs support vector
regression for predictive modeling.

• LSTM (Graves and Graves 2012) is a deep learning
model that captures temporal dependencies but does not
account for spatial correlations.

• DCRNN (Li et al. 2018) integrates diffusion convolution
into GRU layers to enhance spatial-temporal correlation
capture.

• STGCN (Yu, Yin, and Zhu 2017) combines graph and
temporal convolutions to handle spatial-temporal data.

• GWNet (Wu et al. 2019) combines dilated convolution
with diffusion graph convolution and introduces a self-
adaptive adjacency matrix.

• GMAN (Zheng et al. 2020) employs multi-attention to
capture both spatial and temporal dynamics.

• ASTGCN (Guo et al. 2019) applies attention mecha-
nisms on both temporal and spatial convolutions to dy-
namically capture spatio-temporal correlations.

• AGCRN (Bai et al. 2020) focuses on extracting node-
specific features and uncovering hidden node interdepen-
dencies.

• DMSTGCN (Han et al. 2021) learns dynamic spatial de-
pendencies and builds a multi-faceted fusion module for
complex traffic data features.

• STGODE (Fang et al. 2021) adopts ordinary differential
equations for traffic flow forecasting.

• STGNCDE (Choi et al. 2022) designs two neural con-
trolled differential equations for prediction.

• D2STGNN (Shao et al. 2022) models traffic flow by sep-
arating it into the diffusion component and the inherent
component.

• DSTAGNN (Lan et al. 2022) constructs a spatio-
temporal graph and utilizes multi-head attention to rep-
resent dynamic spatial relevance.

• SSTBAN (Guo et al. 2023) implements a self-supervised
learning approach with a masking method for prediction.

• STWave (Fang et al. 2023) employs wavelets to decom-
pose traffic data into stable trends and fluctuating events.

Evaluation Metrics and Experimental Settings
In our evaluation, we employ the mean absolute error
(MAE), root mean square error (RMSE) and mean abso-
lute percentage error (MAPE) to quantify the performance
of different methods.

Our experiments are conducted on a server with NVIDIA
RTX 4090 GPU cards, running CUDA version 12.2. All the
models are implemented using PyTorch. The datasets are
split in a 6:2:2 ratio for training, validation, and testing, re-
spectively. We use historical data from the past hour to pre-
dict the traffic flow for the next hour, corresponding to using
the past 12 time steps to forecast the next 12 steps.

To prevent overfitting, an early-stopping strategy is em-
ployed with a patience setting of 10. We use Adam optimizer
with an initial learning rate of 0.001. The standard batch size
for all experiments is set to 64. If GPU memory constraints
occur, the batch size is reduced to 32, and further to 16 if
necessary, until the programs can run efficiently. The num-
ber of dimensions of node attribute on three datasets is C =
1. Totally, there are 3 hyperparameters in our model, i.e., the
numbers of bottleneck transformer block L, the number of
attention heads h, and the dimensionality d of each attention

11467



Model PeMS04 PeMS07 JiNan

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

HA 38.03 59.24 27.88% 45.12 65.64 24.51% 13.23 22.85 46.83%
ARIMA 33.73 48.80 24.18% 38.17 59.27 19.46% 14.89 26.22 48.53%

VAR 24.54 38.61 17.24% 50.22 75.63 32.22% 12.56 20.60 40.54%
SVR 28.70 44.56 19.20% 32.49 50.22 14.26% 11.98 20.82 39.56%

LSTM 26.77 40.65 18.23% 29.98 45.94 13.20% 11.30 19.40 38.02%
DCRNN 21.02 33.44 14.17% 25.22 38.61 11.82% 11.40 20.54 41.74%
STGCN 21.16 34.89 13.83% 25.33 39.34 11.21% 9.41 16.08 36.42%
GWNet 24.89 39.66 17.29% 26.39 41.50 11.97% 9.39 16.13 35.83%
GMAN 19.14 31.60 13.19% 20.97 34.02 9.05% 10.15 16.98 38.32%

ASTGCN(r) 22.93 35.22 16.56% 24.01 37.87 10.73% 10.06 17.23 38.95%
AGCRN 19.83 32.26 12.97% 22.37 36.55 9.12% 9.52 16.15 40.27%

DMSTGCN 20.01 32.18 14.50% 23.73 36.01 12.21% 8.78 14.61 34.52%
STGODE 20.84 32.82 13.77% 22.59 37.54 10.14% 9.25 15.75 37.68%

STGNCDE 19.21 31.09 12.76% 20.53 33.84 8.80% 9.14 16.60 36.89%
D2STGNN 19.55 31.99 12.82% 21.55 34.83 9.39% 9.12 15.97 35.65%
DSTAGNN 19.30 31.46 12.70% 21.42 34.51 9.01% 8.95 14.99 36.87%

SSTBAN 18.89 31.21 12.62% 20.45 37.55 9.31% 8.41 14.62 33.79%
STWave 21.20 34.47 14.32% 20.33 34.03 8.58% 9.23 16.10 36.12%

STDN 18.40∗ 30.41∗ 12.21%∗ 20.08∗ 33.73∗ 9.29% 8.32∗ 14.52∗ 32.19%∗

Table 2: Performance comparison of all models on three real-world datasets. Marker ∗ indicates the results are statistically
significant (t-test with p-value < 0.01).

head, where the total number of features D = h×d. The op-
timal settings for our model on PeMS04 and JiNan datasets
are L = 2, h = 8, d = 16 (D = 128). For the PeMS07
dataset, the best performance is achieved with L = 2, h = 8,
d = 12 (D = 96). All source code and data are available at
https://github.com/roarer008/STDN

Performance Comparison
Table 2 presents the results from graph-based baselines and
grid-based baselines. The best results are highlighted in
bold, and the second-best results are underlined. Based on
these results, several key conclusions can be drawn:
• STDN achieves state-of-the-art performance, particularly

evident in the PeMS04 and JiNan datasets. Traditional
machine learning methods such as ARIMA typically per-
form poorly, as they are unable to capture the non-linear
correlations present in the spatio-temporal traffic data.

• Among the GCN-based models, AGCRN demonstrates
strong performance. Compared to other models, STDN
excels in capturing the structure of the road network
by effectively integrating eigenvalues from the Laplacian
matrix with traffic flow data.

• Attention-based models generally perform near opti-
mally among all baselines. Notably, STDN distinguishes
itself by integrating spatio-temporal embeddings with
traffic flow data and the decoder, significantly enhancing
traffic forecasting accuracy.

• Compared to the baseline models, we incorporate multi-
resolution temporal features, such as ”time of day” and
”day of week”, for temporal embeddings, alongside a
geospatial directed graph for spatial embeddings. Based
on these spatiotemporal embeddings, traffic flow is dis-
entangled into trend and seasonality parts. This novel dis-

Model PeMS04 JiNan

MAE RMSE MAPE MAE RMSE MAPE

w/o TE 19.10 30.89 12.87% 8.47 14.67 34.18%
w/o SE 18.55 30.46 12.52% 8.44 14.68 35.15%

w/o STE 18.93 30.70 12.97% 8.55 14.79 35.38%

w/o DRG 18.61 30.90 12.23% 8.37 14.57 33.91%
w/o STD 18.60 31.08 12.33% 8.75 15.14 37.88%

STDN 18.40 30.41 12.21% 8.32 14.52 32.19%

Table 3: Ablation study on PeMS04 and JiNan datasets.
entangling method significantly enhances the traffic fore-
casting accuracy.

Ablation Study
To evaluate the effectiveness of different components in
STDN, we conducted the ablation study with several vari-
ants of the STDN:
• w/o TE: This variant removes the temporal embedding

modeling, meaning the decoder operates solely with spa-
tial embedding cues.

• w/o SE: This variant removes the spatial embedding
modeling, meaning the decoder operates solely with tem-
poral embedding cues.

• w/o STE: This variant eliminates spatio-temporal em-
bedding, thus the traffic flow is not decomposed into
trend-seasonality components. As a result, the decoder
does not incorporate any spatio-temporal cues.

• w/o DRG: This variant eliminates the dynamic relation-
ship graph learning.

• w/o STD: Instead of using spatiotemporal-aware decom-
position to disentangle the traffic sequence data, this vari-
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Figure 2: Parameter sensitivity study on PeMS04 and
PeMS07 datasets.

ant adopts the decomposition method utilized by Auto-
former (Wu et al. 2021).

Table 3 presents the comparison of STDN and its variants
on PeMS04 and JiNan datasets. From this comparison, we
can draw several conclusions: (1) The origin STDN consis-
tently achieves the best performance relative to its variants,
underscoring the effectiveness of its full configuration. (2)
The results show that the variant “w/o TE” generally outper-
forms “w/o SE” across most tasks. This suggests that tem-
poral information, particularly periodic information, plays
a more critical role than spatial information. (3) The “w/o
DRG” underperforms STDN, indicating the importance of
the dynamic relationship graph learning module. (4) The
performance of “w/o STD” underlines the necessity of the
trend-seasonality decomposition module aware of spatio-
temporal embeddings.

Parameter Sensitivity Study
Figure 2 illustrates the results of hyper-parameter sensitivity
analysis for our STDN on PeMS04 and PeMS07 datasets.
This study involved varying the number of decoder lay-
ers and the number of features in STDN, exploring options
within the ranges of [1, 2, 3, 4] for layers and [32, 64, 96,
128, 160] for features. From this analysis, we can draw sev-
eral conclusions: (1) The performance of our model im-
proves with an increasing in the number of decoder lay-
ers but stabilizes at 2 layers. (2) Optimal performance is
achieved with 128 features on the PeMS04 dataset and 96
features on the PeMS07 dataset. This finding highlights
that while increasing the number of features generally en-
hances the model’s capability to represent complex traffic
patterns, but excessive features may introduce noise and de-
grade model performance.

Model Efficiency Study
To demonstrate the efficiency of our model, we benchmark
STDN against DMSTGCN, SSTBAN, and STWave, which
have achieved suboptimal results at the PeMS04 and JiNan
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Figure 3: The computational time cost on PeMS04 and Ji-
Nan datasets.
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Figure 4: The MAE on the validation part of PeMS04 dataset
during the training process.

datasets. Figure 3 displays the average training time per
epoch and inference time for each model. Figure 4 illustrates
the MAE curves on the validation part of PeMS04 dataset
during the training process. The following observations can
be made: (1) STDN not only trains faster but also infers
quicker than the compared models. (2) STDN demonstrates
a faster convergence rate, achieving better performance in
fewer epochs. In our experiments, while STWave reaches its
best performance at epoch 100, its MAE is still higher than
the lowest MAE achieved by our STDN at just epoch 19.

The computational complexity of our STDN encoder-
decoder module is O(TD+LND), with the encoder and de-
coder contributing complexities of O(TD) and O(LND),
respectively. Here, L denotes the number of bottleneck
transformer blocks. The complexity of the spatio-temporal
embedding module is given by O((T + N)D + N3). Al-
though calculating the eigenvectors and eigenvalues of the
graph Laplacian is computationally intensive, marked by
a complexity of O(N3), this process can be efficiently
handled through preprocessing prior to training. Therefore,
STDN maintains comparable time and memory complexity
during training, ensuring efficiency without compromising
performance.

Conclusion
In this paper, we introduce a novel spatiotemporal-aware
trend-seasonality decomposition network (STDN), which
marks a pioneering approach in employing spatio-temporal
embeddings to learn disentangled representations of traf-
fic flow. The empirical evaluations conducted across three
real-world datasets demonstrate the superior performance of
STDN over existing models. The release of the new inner-
city dataset JiNan can also enrich the scenario comprehen-
siveness in traffic forecasting evaluations.
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