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ABSTRACT: Long-term traffic flow prediction is a crucial component of intelligent transportation systems within
intelligent networks, requiring predictive models that balance accuracy with low-latency and lightweight computation
to optimize traffic management and enhance urban mobility and sustainability. However, traditional predictive models
struggle to capture long-term temporal dependencies and are computationally intensive, limiting their practicality in
real-time. Moreover, many approaches overlook the periodic characteristics inherent in traffic data, further impacting
performance. To address these challenges, we introduce ST-MambaGCN, a State-Space-Based Spatio-Temporal Graph
Convolution Network. Unlike conventional models, ST-MambaGCN replaces the temporal attention layer with Mamba,
a state-space model that efficiently captures long-term dependencies with near-linear computational complexity. The
model combines Chebyshev polynomial-based graph convolutional networks (GCN) to explore spatial correlations.
Additionally, we incorporate a multi-temporal feature capture mechanism, where the final integrated features are
generated through the Hadamard product based on learnable parameters. This mechanism explicitly models short-
term, daily, and weekly traffic patterns to enhance the network’s awareness of traffic periodicity. Extensive experiments
on the PeMS04 and PeMS08 datasets demonstrate that ST-MambaGCN significantly outperforms existing benchmarks,
offering substantial improvements in both prediction accuracy and computational efficiency for long-term traffic
flow prediction.

KEYWORDS: State space model; long-term traffic flow prediction; graph convolutional network; multi-time scale
analysis; emerging applications at intelligent networks

1 Introduction
With rapid urbanization, increasing traffic demand and expanding infrastructure, traffic flow prediction

has become a key problem in the Intelligent Transportation of traffic flow plays a vital role in traffic manage-
ment, route planning, accident prevention, and environmental protection. Among them, the importance of
long-term traffic flow prediction is particularly prominent. The traditional short-term traffic flow prediction
usually only focuses on traffic conditions within a few minutes or hours. Although it can meet daily traffic
scheduling needs, it is difficult to deal with traffic pressure in special circumstances, such as holiday peaks and
major events. The long-term traffic flow prediction can identify the trend of traffic flow in advance on a longer
time scale and provide scientific basis for the optimization of urban traffic networks. For example, during
holidays or large-scale activities, accurate long-term traffic flow prediction can be used to plan the control
strategy of traffic signals, the selection of dredging routes and the capacity scheduling of public transport in
advance, so as to effectively avoid traffic congestion and improve road traffic efficiency.
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Early research on traffic flow prediction focused mainly on statistical methods, such as the Historical
Average Madel (HA) [1,2], the Autoregressive Integrated Moving Average (ARIMA) [3,4], the Vector
Autoregressive Model (VAR) [5], etc. It exposes significant defects in long-term traffic flow prediction:
its linear assumption is difficult to capture the dynamic change law of traffic flow, especially the lack of
modeling ability for the long-term evolution trend of complex models such as periodic fluctuations and
sudden congestion. For example, the average absolute error of ARIMA in forecasting for over 30 min often
exceeds 25% of the actual flow rate [6]. The example in Fig. 1 vividly illustrates the disadvantages of traditional
traffic flow prediction methods in long-term traffic flow prediction.

Figure 1: Schematic diagram of prediction by statistical methods: In long-term traffic flow prediction, there will be
large errors in some periods

To break through the limitations of statistical methods, machine learning methods such as Support
Vector Regression (SVR) [7] and K-Nearest Neighbor (KNN) [8] were introduced. Although these methods
can partially deal with nonlinear relationships, they still face two challenges in long-term traffic flow
prediction. First, only using sensor data is difficult to retain long-term dependent information of time-series,
resulting in exponential accumulation of prediction errors with time step; second, strict requirements on data
stationarity (such as KNN’s strong time homogeneity hypothesis) make it less stable in long-term prediction
across time periods and seasons. Experiments show that when the prediction span of SVR exceeds 1 h, the
value of R2 will drop to less than 0.5 [6].

In recent years, deep learning has made remarkable achievements in fields such as computer vision
and natural language processing, which has inspired researchers to apply it to the field of traffic prediction,
hoping to improve the prediction effect. Graph Convolutional Network (GCN) [9,10] have been used in the
field of transportation widely because of their unique advantages in dealing with non-Euclidean structures.
At the same time, in order to better model the spatial and temporal features, the attention mechanism such
as that in Transformer [11], is also integrated into it. Since the key to traffic flow prediction is to accurately
model the complex nonlinear spatio-temporal dependence of dynamic traffic flow at different traffic nodes,
GCN and Transformer have become two core components widely used in many representative traffic flow
prediction models.

Although this spatio–temporal modeling method has achieved good results in traffic flow prediction,
the current method still has the following limitations in long-term traffic flow prediction:



Comput Mater Contin. 2026;86(2) 3

1) Although a Transformer-based model can capture long-term dependencies through the self-attention
mechanism, when the input sequence (such as the time-series of traffic flow data) becomes longer, its
computational complexity grows quadratically with the input length. The data in [12] illustrates the high cost
issues of the Transformer model in terms of memory and training time as the input length increases and the
dataset size expands. This makes the model inefficient when dealing with very time-series and difficult to
cope with the actual needs of long-term traffic flow prediction.

2) Traffic flow data show obvious periodic characteristics. For instance, during the morning and
evening rush hours on weekdays, there are regular large fluctuations in traffic flow. There are also significant
differences in weekend and weekday traffic. These periodic patterns are a key basis for long-term traffic
flow prediction, helping the model to more accurately capture long-term trends in traffic flow. However, the
current long-term traffic flow prediction model has obvious shortcomings in utilizing these periodic rules,
and can not fully tap its potential value, thus limiting the performance of the model in the long-term traffic
flow forecasting task.

To solve these problems, we propose a novel deep learning model: State-Space-Based Spatio–Temporal
Graph Convolution Network (ST-MambaGCN). Specifically, Mamba [13] is used to replace the traditional
temporal attention layer. Mamba is a State-Space Model (SSM) that can effectively capture long-term
dependencies in multivariate time-series data. The computational complexity of Mamba increases nearly
linearly, which greatly reduces the computational cost compared with the traditional attention mechanism.
In addition, the Mamba layer is better able to capture periodic and long-term correlations of traffic flow data
through multi-scale context cues and channel hybrid/independent processing mechanisms. In structural
design, the graph convolution block of our model is responsible for analyzing the spatial dependence.
Inspired by ASTGCN [14], the model introduces a multi-temporal feature capture mechanism. Three
independent components are used to model the near-term, daily cycle and weekly cycle dependence of
traffic flow respectively, and conduct a comprehensive analysis of historical data from multiple time scales,
so as to more accurately grasp the change law of traffic flow over time. With the above characteristics,
ST-MambaGCN model performs well in the analysis of spatial and temporal elements of traffic prediction,
can accurately grasp the cyclical characteristics, and shows stronger adaptability and superiority in dealing
with long-term traffic prediction tasks.

In summary, the contribution of this paper can be summarized as follows:

• A new deep learning framework, ST-MambaGCN, is proposed. In the time dimension, the state space
model Mamba is used to capture the long-term dependency of multivariate time series with near-linear
computational complexity, which solves the problem that the computational cost of the transformer
increases quadratically with the length of the input sequence. In the spatial dimension, with the help
of Chebyshev convolutional analysis of the local spatial correlation of road network nodes, the traffic
flow correlation of adjacent regions can be mined more efficiently than the traditional GCN, and the
collaborative optimization modeling of spatio-temporal features is realized.

• A multi-component fusion structure is constructed, and a multi-temporal feature capture mechanism
containing three independent components is introduced. These components are used to model the
recent, diurnal, and weekly dependencies of traffic flow, respectively. By comprehensively analyzing
historical data from multiple time scales and learning the influence weights of each component on each
node, the model can better capture the periodic characteristics of traffic flow.

• The dataset uses PEMS series highway data from California, USA, and metro data from Beijing, China.
The performance of the proposed method is better than the existing benchmark methods, and the
optimal prediction results are obtained, which verifies its effectiveness and superiority in practical
application.in practical application.
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2 Related Work

2.1 Spatio-Temporal Prediction
As the core task of intelligent transportation systems, spatio-temporal prediction of traffic conditions

has emerged in a variety of innovative models in recent years: STGCN [15] captures the spatial correlation
of nodes by combining the predefined adjacency matrix with GCN. MSTDFGRN [16] captures the spatial
correlation of nodes by combining multi-scale spatio-temporal dynamic features with Graph Convolutional
Networks (GCN). PSTCGCN [17] utilizes a multi-task learning framework and GCN to simultaneously
predict multiple related traffic indicators, dynamically modeling the spatio-temporal characteristics of traffic
flow. SDSINet [18] further introduces an attention-based adaptive graph embedding to generate dynamic
spatial correlation structures, enhancing the model’s adaptability to various traffic conditions. GMAN [19]
achieves multi-dimensional feature fusion through a triple attention mechanism. MPGCN [20] identifies
bus station travel modes through cluster analysis and builds a GCN2Flow prediction block. The improved
version of MGNNFormer [21] designed the STIGNNFormer structure to integrate the advantages of GCN
and Transformer.

In recent years, emerging approaches integrating diffusion models, graph attention mechanisms,
adaptive graph learning, and physics-informed models have injected new vitality into the field of traffic
prediction. In the realm of diffusion models, some studies have leveraged their powerful probabilistic
generative capabilities for traffic flow prediction, demonstrating unique advantages in handling multimodal
prediction problems under complex traffic scenarios [22]. The development of graph attention mechanisms
has further optimized spatial correlation modeling [23]. Adaptive graph learning techniques have become
a key direction for breaking through the limitations of static graph structures. Existing studies dynamically
learn the topological structure of graphs from traffic data, replacing traditionally manually defined fixed
adjacency matrices, thereby enabling models to adapt in real time to dynamic changes in traffic networks [24].
Meanwhile, physics-informed models incorporate physical principles such as traffic flow theory into the
model design, avoiding unrealistic predictions that may arise from purely data-driven models [25].

The Mamba model can make up for the deficiencies of the GCN to a certain extent. It has better dynamic
adaptability, can effectively handle dynamic graph data that changes over time, and can capture the dynamic
change information of nodes and edges in the graph. For example, in traffic flow prediction, Mamba can
quickly adjust its predictions according to new data, while the GCN requires complex mechanisms to adapt
to such dynamic changes. In terms of long-range sequence dependency modeling, Mamba is proficient in
handling long-range dependency relationships, can effectively capture the dependencies between distant
nodes, and makes up for the limitations of the GCN, such as its limited receptive field and the difficulty in
obtaining global information.

2.2 Long-Term Traffic Flow Prediction
In recent years, numerous scholars have come to realize the latent capabilities of Graph Neural

Networks [26] in the field of traffic prediction. As an important branch of Graph Neural Networks, the Graph
Convolutional Network (GCN) [27,28] has been widely applied to traffic prediction tasks due to its excellent
spatial feature extraction capabilities. Meanwhile, Transformers have demonstrated remarkable capabilities
in handling long-term time series tasks [29,30], which is attributed to their outstanding advantages in
capturing and processing long-term dependencies. Recently, there have been some research achievements in
the field of the spatio-temporal graph Transformer framework. For example, Graphormer [31]. This model
innovatively applies the Transformer architecture to graph-structured data and shows unique advantages
when dealing with non-Euclidean structures such as traffic networks, providing new ideas for subsequent
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research. There is also STFormer [32], whose Transformer module specifically designed for spatio-temporal
data effectively captures spatio-temporal dependencies and has achieved good results in the task of traffic
flow prediction.

However, there are obvious shortcomings in the current research. As the prediction step length
increases, the accuracy of most existing spatio-temporal prediction models drops sharply, resulting in
unsatisfactory performance in long-term time series prediction. Although the self-attention mechanism
of Transformers can capture long-term dependencies, its O(L2) computational complexity (where L is
the length of the input sequence) presents a significant efficiency bottleneck in long-term forecasting.
Therefore, optimizing long-term traffic flow prediction models to improve efficiency and expand their scope
of application has become the core focus of current research.

2.3 State Space Model
Considering the drawbacks of current deep learning techniques, selective state-space models, com-

monly known as Mamba, distinguish themselves. They are capable of delivering high-precision traffic flow
predictions over extensive distances with reduced computational requirements. This efficiency is of great
significance in long-term traffic management.

The Mamba can be regarded as a Recurrent Neural Network (RNN) [33] of fixed length, and its compu-
tational complexity does not increase with the growth of the length of the input. Compared with Transformer
architecture, Mamba has significant advantages in inference speed and computational efficiency [34]. The
performance of Mamba is comparable to that of Transformer in time-series analysis [35–37], computer
vision [38,39], natural language processing [40,41], and multimodal and multimedia analysis [42].

However, traffic flow prediction inherently requires mining spatio-temporal features simultaneously.
Although existing methods focus on time series modeling, they lack in explicitly modeling spatial depen-
dencies. For example, Ahamed and Cheng [36] capture the multi-scale temporal features of traffic data
mainly through the channel mixing mechanism and four-branch Mamba structure, without integrating
graph modules such as GCN, and lack explicit modeling of spatial dependencies in transportation networks;
Wang et al. [43] enhance the ability to model correlations between variables in time series data through the
bidirectional design of the Mamba layer, but like the former study, they do not integrate GCN, rely only on
temporal modeling, and fail to handle the spatial relationships between traffic nodes.

Notably, the integration of state space models with emerging fusion technologies has recently become
a research hotspot. STG-Mamba [37] attempts to combine Mamba with adaptive graph learning, while
other studies explore incorporating physics-informed constraints into the Mamba framework to align the
state transition process of state space models more closely with the physical principles of traffic flow [44].
These explorations provide new directions for enhancing long-term traffic flow prediction performance and
underscore the innovativeness and necessity of the ST-MambaGCN model proposed in this paper, which
integrates the advantages of classical models to address the challenges of long-term traffic flow prediction.

3 Preliminaries

3.1 Transportation Network
In traffic research, the road network is typically conceptualized as a spatial configuration consisting

of a specific set of traffic nodes and the connections between them. Mathematically, it is formalized as a
weighted undirected graph denoted as G = (V , A). Here, the cardinality of the set V, represented by ∣V ∣ =N,
corresponds to the total number of traffic nodes within a particular region. The adjacency matrix A ∈ RN×N

serves a crucial function by encoding the topological relationships among these nodes. Each element in the
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adjacency matrix indicates whether a direct connection exists between two nodes. This matrix provides a
fundamental representation of the network’s structure, enabling researchers to analyze how traffic can flow
between different parts of the network.

3.2 Traffic Flow Prediction
In the road network G, nodes perform flow detection with a consistent sampling frequency. The traffic

flow data of all nodes at a given instant is denoted as x(t) ∈ RN . Thus, we acquire the traffic flow data for N
nodes at each time interval.

We utilize the data matrix X ∈ RS×N to forecast the subsequent P time steps, with the prediction result
expressed as ŷ ∈ RP×N , as depicted in Eq. (1):

ŷ = f (X, A) . (1)

4 Methodology
To predict long-term traffic flow more accurately, we propose a novel State-Space-Based Spatio-

Temporal Graph Convolution Network (ST-MambaGCN) for traffic flow prediction. The basic structure of
ST-MambaGCN is shown in Fig. 2. First, the temporal correlation is extracted using the Mamba block. After
applying a layer of spatial attention, a Graph Convolutional Network (GCN) is employed to extract spatial
correlations and periodic patterns.

Figure 2: The framework of ST-MambaGCN

The letters defined in the Methodology are organized in Table A1. A for the convenience of readers’
understanding and reading.

4.1 Mamba Block
Mamba significantly boosts computational efficiency through its integration of hardware-parallel

algorithms and implementation of data-dependent selection mechanisms within its iterative process. This
innovative design enables Mamba to capture temporal dependencies in long sequences effectively. Moreover,
as a sequence model with near-linear complexity, Mamba demonstrates superior efficiency and performance
compared to the Transformer, especially in tasks involving long sequences.
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The input X ∈ RB×N×C×T is reshaped into O ∈ RB×T×D . B represents the batch size, N represents the
number of traffic nodes, C is the number of channels, and T is the length of the temporal dimension. The
matrix O, which has the hidden dimension D, serves as the input to the Mamba block.

Initially, the hidden dimension is increased to E × D via a linear projection Linear(⋅), resulting in
features Ô ∈ RB×T×E D . Parameter E represents the “hidden dimension expansion factor.” Its range of values
must consider the balance between model expressiveness and computational efficiency. With reference
to [13], in specific experiments, an E value of 2 was adopted. This setting ensures that the model adequately
expands the feature space to capture fine-grained temporal patterns while avoiding excessive computational
costs that could arise from an overly large expansion factor.

Ô = Linear (O) . (2)

Ô are processed through a convolution operation followed by the SiLU activation function [45], yielding
the feature matrix P ∈ RB×T×E D . This step aims to capture local features and dependencies in the sequence.

P = SiLU (Conv1D (Ô)) . (3)

Use the Softplus activation function and the broadcasting mechanism to obtain the parameter matrix
Δ ∈ RB×T×D , where us ∈ RB×T×D is the bias matrix. The following is the mathematical representation:

S (P) = Broadcast (Linear (P)) ,

Δ = So f tplus (us + S (P)) . (4)

A is a predefined learnable parameterized matrix. A ∈ RD×N is the state transition matrix, which
describes the dynamic changes of the state. Two linear transformations are applied to P to obtain B and C,
where B, C ∈ RB×T×N . B is the input matrix, which describes the influence of the input on the state. The
matrix C is the output matrix in the state space model, and its main role is to map the internal state to the
final output.

B = Linear (P) , C = Linear (P) . (5)

The discretized Ā and B̄ are derived from the transformation of continuous system parameters, aiming
to approximately simulate the behavior of the continuous system in discrete time. This transformation is
based on continuous-time system theory and discretization rules, specifically the zero-order hold rule. In
practical applications, since computers process discrete data, discretizing the continuous model makes it
easier to implement and calculate in digital systems. The discretized matrices are used to efficiently update
the state at discrete time steps.

The result of applying the matrix exponential function exp(⋅) to the product of Δ and the state-transition
matrix A yields Ā. B̄ is obtained through the matrix operation shown in Eq. (7), and I is the identity matrix.

Ā = exp(ΔA), (6)
B̄ = (ΔA)−1(exp(ΔA) − I) ⋅ ΔB, (7)

where Ā, B̄ ∈ RB×T×D×N . The discretized Ā and B̄ numerically determine the state transition and input
mapping relationships of the model at discrete time steps. Ā controls the transfer of the hidden state h
between different time steps, and its values affect the persistence and degree of change of the state. If an
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element of Ā is close to 1, it means that the corresponding dimension of the hidden state changes little between
time steps and has strong persistence; if it is close to 0, the change is large. B̄ determines how the input affects
the hidden state h, and the magnitude of its values reflects the degree of influence of the input on the state.
A larger value of B̄ means that the input has a more significant impact on the state.

Based on the discretized matrixes and C, a selective scan is performed on P. The state transition matrix
is dynamically adjusted according to the current input, thereby effectively handling long-term dependencies.
The result is T(h′) ∈ RB×N×E D .

T(P) = Sel ection (Ā, B̄, C) (P) . (8)
ht = Aht−1 + Bpt , T(p)t = Cht . (9)

Sel ection(⋅) is specifically reflected in Eq. (9), where ht is the hidden state at time t, pt is the input at
time t, and T(p)t is the output at time t. The specific operations are as follows: First, the initial hidden state
h0 is usually set to a zero vector. Then, for each time step t, based on the previous-time-step hidden state ht−1
and the current input pt , the formula ht = Aht−1 + Bpt is used to recursively compute the current-time-step
hidden state ht . Finally, based on the current-time-step hidden state ht , the formula T(p)t = Cht is used to
compute the current-time-step output T(p)t .

Inspired by the continuous system, the mapping from the input x(t) to the output y(t) is defined
through the hidden state h(t). In continuous time, the state-space model is described by the formulas h′(t) =
Ah(t) + Bx(t) and y(t) = Ch(t). When discretizing, rules such as zero-order hold (ZOH) are adopted to
transform the continuous parameters (Δ, A, B) into discrete parameters (Ā, B̄).

The derivation from continuous to discrete is obtained by approximating the continuous-time model
at discrete time points. Assuming that the input x(t) remains unchanged between the discrete time points t
and t + 1, the properties of matrix exponential and integration are used for derivation. Integrating both sides
of h′(t) = Ah(t) + Bx(t) over the interval [t, t + 1] and combining the assumption of zero-order hold, after
a series of matrix operations, the discretized formula Eq. (9) is finally obtained.

Perform element-wise multiplication between T(P) and the result of applying the SiLU activation
function to Ô to obtain J, with the dimension of RB×T×E D .

J = T(P)⊗ SiLU (Ô) . (10)

Finally, the output J ∈ RB×T×E D is first reshaped to match the shape of the input O ∈ RB×T×D , and then
reshaped to original shape X1 ∈ RB×N×C×T .

X1 = Linear (J) . (11)

4.2 Spatial Attention Layer
Combining Transformer and GCN, see Section 4.3, to extract spatial dependence is effective. This

combination balances focusing on local context, preserving memory, and capturing long-term dependencies
for more comprehensive and efficient information processing in neural networks. Spatial attention layer is
shown as,

H = Vs ● σ ((X1M1)M2 (M3X1)T + bs) . (12)

X1 ∈ RB×N×C×T is the input data. M1 ∈ RT is the weight matrix responsible for transforming the
temporal dimension of X1. M3 ∈ RC is the weight matrix for processing the data in the feature dimension
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of X1. M2 ∈ RC×T is the weight matrix used to combine the information of the temporal dimension and the
feature dimension. Vs ∈ RN×N is a learnable parameter used to capture the complex interactions between
traffic nodes. bs ∈ RN×N is the bias matrix to help control the baseline value of the output. σ uses the sigmoid
function to limit the result to the range (0, 1).

After obtaining the attention matrix H ∈ RB×N×N , the attention scores need to be transformed into a
spatial attention matrix via the softmax function. The value of the element Hi , j represents the strength of the
correlation between node i and node j.

X2(i , j) =
ex p (Hi , j)

∑N
j=1 ex p (Hi , j)

. (13)

4.3 Spatio-Temporal Convolution Block
Graph Convolutional Networks excel at modeling non-Euclidean spatial data, making them suitable

for complex traffic networks. To understand traffic network topology and node relationships, we use graph
convolution based on spectral graph theory. It processes time-step signals and explores traffic information’s
spatial correlations. Spectral graph theory uses algebraic transformations with Laplacian matrices [46]
for graph analysis. Eigenvalue decomposition of the Laplacian enables graph convolution but is resource-
intensive for large graphs. So, in this paper, we apply the Chebyshev polynomial approximation method. The
Laplacian matrix is defined as follows:

L = D −A. (14)

Among them, D ∈ RN×N is the degree matrix, where Dii = ∑ j Ai j, and A ∈ RN×N is the adja-
cency matrix.

To safeguard the stability of the graph convolution operation, regularization is applied to the Lapla-
cian matrix. This regularization confines the numerical range of the Laplacian matrix to [−1, 1], thereby
guaranteeing that the input to the Chebyshev polynomials stays within an appropriate range:

L̃ = 2
λmax

L − IN . (15)

L̃ represents the regularized Laplacian matrix. The value λmax corresponds to the largest eigenvalue of
the Laplacian matrix. Additionally, IN ∈ RN×N is the identity matrix.

The recursive definition of the Chebyshev polynomials is shown in Eq. (16). x refers to the input, and
in graph convolution, we normalize the input to the Laplacian matrix.

T0 (x) = 1, T1 (x) = x ,

Tk (x) = 2xTx−1 (x) − Tk−2 (x) . (16)

X ∈ RB×N×C×T and X2 ∈ RB×N×N are the input of Chebyshev GCN, where X is the residual input. The
traffic information is filtered as follows:

U = gθ ∗G(X, X2) = gθ (L)(X, X2) =
K−1
∑
k=0

θk (Tk (L̃) ⊙X2)X. (17)

Among them, gθ ∗GX represents the graph convolution operation. gθ is a graph filter with parameters
θ, where θ denotes all the learnable parameters of the graph convolution operation. θk is the coefficient
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of the k-th order Chebyshev polynomial. K is the order of the Chebyshev polynomial, which determines
the local connection range of the convolution.Tk(L̃) is the result of applying the Chebyshev polynomial to
the normalized Laplacian matrix L̃. The spatial attention matrix X2 ∈ RB×N×N is introduced through the
Hadamard product of Tk(L̃) and X2.

The final activation function employed in the graph convolution layer is ReLU.

Û = ReLU (gθ ∗G(X , X2)) . (18)

Finally, a fully-connected layer is added to ensure that the output of each component has the same
dimension and shape as the prediction target. The fully-connected layer uses ReLU as the activation function
and the output of the fully-connected layer is denoted as Y ∈ RB×N×Tp , where Tp is the prediction length.

4.4 Multi-Component Fusion and Loss Function
Based on historical data, the model learns the influence weights of each component on each node,

enabling the final prediction results to better align with the actual situation. The three components of
the multi-cycle modeling module have the same structure and operate independently. Each component
processes historical data over different time spans. Specifically, the input of short-term components is a
historical time series segment directly adjacent to the forecast period. The daily cycle component takes
the data of the same time period in the past day as input. Meanwhile, the weekly cycle component uses
the data of the past week with the same weekly attributes and time intervals. This independent processing
method enables each module to focus on extracting the relevant temporal features without being disturbed by
other modules. Although these components operate independently, the final prediction results are obtained
through collaborative work. The outputs of these three components will be weighted and fused based on a
parameter matrix. During this fusion process, the influence weights of different components on each node
are different. These weights are learned from historical data and are designed to accurately reflect the degree
of influence of each component on the prediction target.

Ŷ =Wh ⊙Yh +Wd ⊙Yd +Ww ⊙Yw . (19)

Among them, ⊙ represents the Hadamard product. Wh, Wd, and Ww are learnable parameters that
reflect the influence degrees of the three components in the temporal dimension on the prediction target.

During the model training stage, the optimization algorithm Adam is adopted to continuously adjust
the weight of each component to minimize the loss function. If the output of a certain component makes a
significant contribution to the reduction of the loss function, the optimization algorithm will increase the
corresponding weight of that component. Conversely, if the output of a certain component contributes very
little to the reduction of loss, its weight will be reduced. This dynamic adjustment mechanism ensures that
the model can adaptively assign appropriate importance to each multi-cycle modeling module, ultimately
improving the accuracy of the prediction results.

The loss function used is the L1 loss (MAE). The advantage of MAE is that it is insensitive to outliers
and does not cause the model to be over-adjusted due to these occasionally occurring abnormal traffic data.
By using MAE as the loss function, the model can pay more attention to the overall distribution and general
trends of the data, thereby maintaining stable performance in traffic data with noise and outliers.

Loss = 1
N

N
∑
i=1
∣yi − ŷi ∣ . (20)
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5 Statements

5.1 Datasets
We evaluated the proposed model using the PEMS04 and PEMS08 datasets from the California highway

traffic system. These datasets are sourced from the Caltrans Performance Measurement System (PeMS) [47],
which collects data at 30-s intervals. They contain both traffic flow and sensor-based geographical data. By
consolidating the traffic flow data every 5 min, each detector logs 12 entries per hour. Detailed statistics of
these datasets are provided in Table 1.

Table 1: Statistical information of datasets

Dataset name Time steps Number of nodes Period
PEMS04 16,992 307 1/1/2018-2/28/2018
PEMS08 17,856 170 7/1/2017-8/31/2017

5.2 Settings
we divide the data into a training set, a validation set, and a test set in chronological order at a ratio

of 6:2:2. All experiments are conducted on a Linux server (CPU: 12 vCPUs Intel R© Xeon R© Platinum 8352V
CPU @ 2.10GHz; GPU: 1 x RTX 4090 (24 GB x 1)). We configure the following hyperparameters: for graph
convolution and residual convolution, 64 convolution kernels are utilized. The number of terms in the
Chebyshev polynomial is set to K = 3. According to [14], K = 3 is the optimal choice that balances road
network characteristics, predictive accuracy, and computational efficiency. The model is trained using the
Adam optimizer with a learning rate of 0.001, and the loss function is the L1 loss (MAE). The batch size is
configured to 32, and the maximum number of epochs is 80. All the models have a 12 input size, and the
prediction lengths are incrementally set to 84, 128, and 256. The baseline models are set following the default
configurations in the publicly accessible code.

5.3 Baselines
• HA [1]: A time series prediction model that forecasts subsequent values by calculating the average of

data from the previous 12 time slices.
• ARIMA [3]: A classic model for time series prediction based on the analysis of autoregressive,

differencing, and moving average patterns.
• VAR [5]: A multivariate time series model capable of capturing complex correlations among multi-

ple variables.
• LSTM [30]: A variant model within Recurrent Neural Networks (RNNs) used for processing long

sequences and overcoming the long-term dependency limitations of traditional RNNs.
• GRU [48]: A recurrent neural network model that simplifies the structure of traditional RNNs and is

used for sequential data modeling.
• STGCN [15]: A spatio-temporal model that combines graph convolution with one-dimensional convo-

lutional neural networks to process spatial and temporal data.
• ASTGCN [14]: A spatio-temporal graph convolutional network model that applies the attention

mechanism in spatio-temporal convolution for analysis.
• InFormer [49]: An efficient Transformer-based model for long sequence time-series forecasting that

improves computational efficiency through probabilistic attention mechanisms.
• AutoFormer [50]: An automatic Transformer architecture search framework that adaptively discovers

optimal structures for time series forecasting tasks.



12 Comput Mater Contin. 2026;86(2)

• FEDFormer [51]: A frequency-enhanced decomposed Transformer model that combines seasonal-trend
decomposition with Fourier transform for improved time series prediction.

• STG-Mamba [37]: A spatio-temporal model integrating Mamba architecture, efficiently capturing spatial
correlations and long-term temporal dependencies with computational efficiency.

5.4 Evaluation Metrics
The evaluation metrics used are: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and

Mean Absolute Percentage Error (MAPE). Lower values indicate better performance.

MAE = 1
n

n
∑
i=1
∣yi − ŷi ∣ , (21)

RMSE =
�
��� 1

n

n
∑
i=1
(yi − ŷi)2, (22)

MAPE = 1
n

n
∑
i=1
∣ yi − ŷi

yi
∣ . (23)

Here, yi is the ground truth, and ŷi is the prediction result of the tested model.

5.5 Analysis of Performance Indicators
As shown in Table 2, the optimal results are highlighted in bold, and the suboptimal results are

underlined. Because some models have an early stopping mechanism, the training time is the average time
spent on each epoch, while the inference time is the total inference time. Traditional statistical models have
obvious shortcomings in long-term traffic flow prediction. In PEMS08, when the prediction length of VAR is
256, the MAE reaches 114.01 and the RMSE reaches 136.46. The decreased accuracy of the experimental results
indicates that statistical models lack the ability to model complex patterns such as periodic fluctuations and
sudden congestion. Machine learning methods such as Support Vector Regression (SVR) can handle some
nonlinear relationships, but experimental data show that they also have limitations in long-term traffic flow
prediction. Graph Convolutional Networks (GCNs) can achieve suboptimal results in some experiments. In
the STGCN model, when the prediction length is 256 time steps, the Root Mean Square Error (RMSE) is
54.75 on the PEMS04 dataset and 56.53 on the PEMS08 dataset, which indicates the effectiveness of GCNs
in feature extraction. Some experiments on Transformer-based models have also achieved good results. For
example, when the prediction length is short, InFormer has a Mean Absolute Error (MAE) of 32.72 (with
an input size of 84) on the PEMS04 dataset and 36.71 on the PEMS08 dataset. However, the efficiency of
these models decreases when processing long input sequences, making it difficult to meet the practical needs
of long-term traffic flow prediction, which will be analyzed in detail in Section 5.6. On both datasets, the
ST-MambaGCN model consistently achieves the lowest or near-lowest MAE, RMSE, and MAPE values. It
ensures computational efficiency while achieving high-precision long-term traffic flow prediction.

Table 2: Traffic forecasting results

Model Predict size PeMS04 PeMS08

MAE RMSE MAPE MAE RMSE MAPE
HA 84 33.84 40.04 0.46 28.72 33.66 0.30

(Continued)
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Table 2 (continued)

Model Predict size PeMS04 PeMS08

MAE RMSE MAPE MAE RMSE MAPE
128 43.12 50.47 0.66 36.21 47.40 0.41
256 49.09 58.29 0.79 41.30 54.40 0.48

ARIMA 84 36.79 44.85 0.49 29.70 44.08 0.31
128 41.24 49.17 0.64 35.27 47.65 0.37
256 57.59 68.12 0.96 40.77 55.81 0.50

VAR 84 98.34 115.37 0.91 83.85 97.51 0.55
128 124.65 144.66 1.05 104.70 121.60 0.74
256 140.88 165.99 1.19 114.01 136.46 0.86

LSTM 84 43.17 93.84 0.91 33.80 39.12 0.33
128 42.94 93.31 1.09 34.32 47.31 0.32
256 42.67 92.85 1.15 41.84 58.61 0.33

GRU 84 43.26 94.12 1.09 39.18 85.98 0.55
128 43.08 93.73 1.04 39.24 86.11 0.56
256 42.81 93.24 1.01 40.39 86.50 0.58

STGCN 84 34.89 49.90 0.34 29.57 45.40 0.27
128 41.03 59.34 0.34 42.51 47.78 0.30
256 38.61 54.75 0.45 39.58 56.53 0.34

ASTGCN 84 32.82 46.30 0.28 31.80 46.87 0.24
128 37.41 56.71 0.30 35.76 52.70 0.29
256 40.77 60.52 0.33 39.88 56.69 0.30

InFormer 84 32.72 45.32 0.17 36.71 50.71 0.14
128 33.41 51.60 0.18 57.47 81.30 0.21
256 38.97 54.73 0.20 74.56 97.76 0.30

AutoFormer 84 81.60 104.30 0.65 80.84 101.74 0.40
128 105.11 128.20 0.87 102.23 119.03 0.54
256 169.57 205.19 1.37 153.66 194.25 0.93

FEDFormer 84 51.18 69.20 0.29 35.66 47.71 0.15
128 55.49 75.48 0.31 39.08 51.84 0.16
256 41.92 56.06 0.26 40.67 55.61 0.17

STG- 84 30.71 52.76 0.31 30.33 49.50 0.24
Mamba 128 36.03 55.99 0.32 35.93 52.66 0.27

256 43.84 60.25 0.36 41.82 57.29 0.30

ST- 84 28.87 44.66 0.20 28.38 43.02 0.20
MambaGCN 128 32.47 48.33 0.24 31.51 46.83 0.21

(ours) 256 37.19 54.23 0.30 36.22 53.73 0.26
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Notably, despite the relatively high missing rate (3.182%) of the PeMS04 dataset, the ST-MambaGCN
model maintained a highly competitive performance on MAE vs. RMSE indicators. Although the overall
value is slightly higher than that of PEMS08, the fluctuation is not significant. Compared to traditional
machine learning methods and some transformer models such as FEDFormer, its performance fluctuates
more gently and shows excellent stability. This robust performance fully proves that the model is robust in
the face of incomplete data. In real-world application scenarios, data integrity is often difficult to guarantee,
so this feature is particularly important.

The model demonstrates excellent stability. On the PEMS08 dataset (with 170 nodes), even when the
prediction length is extended to 256, it can still achieve excellent results, with a mean absolute error (MAE)
of 36.22 and a mean absolute percentage error (MAPE) of 0.26. On the PEMS04 dataset with 307 nodes,
when the prediction length is increased to 256, it not only maintains stable performance but also outperforms
many other models in terms of accuracy, highlighting its remarkable ability to make accurate predictions
over a relatively long period.

By contrast, the performance of some models declines significantly as the prediction range expands,
especially Autoformer. STG-Mamba, which incorporates Mamba, is also quite stable. Mamba ensures that it
can make stable and accurate predictions across different time horizons.

In addition, in order to more intuitively evaluate the predictive power of ST-MambaGCN, we visualized
the prediction results of ST-MambaGCN with the prediction results of the main baseline. Specifically, we
randomly selected nodes from the dataset and plotted curves for actual and forecasted traffic data over 256
time steps (21 h). As shown in Fig. 3, ST-MambaGCN captures the changing trend faster than the other
two models when the traffic flow fluctuates suddenly. The general trend of traffic changes was successfully
captured, thus proving its effectiveness.

Figure 3: Comparison of traffic flow prediction results

5.6 Analysis of Computational Costs
As shown in Table 3, the optimal results are highlighted in bold, and the suboptimal results are

underlined. * indicates that through the paired t-test (N = 10 repeated experiments), p < 0.05, meaning that
the performance of the proposed model is significantly better than the corresponding baseline model; if p <
0.05, it marked with *. To compare and demonstrate the computational efficiency of our model, we evaluated
the training time and inference time of the selected models. The batch size for all models was set to 32. The
training and inference times of ST-MambaGCN are significantly lower than those of other baseline models,
demonstrating the advantage of our model in terms of computational speed.
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Table 3: Costing results of the PEMS datasets

Model Predict size
PeMS04 PeMS08

Training
time (s)

Inference
time (s)

Training
time (s)

Inference
time (s)

STGCN 84 27.34 3.60 19.19 3.37
128 31.96 3.81 20.12 4.40
256 32.79 3.83 22.96 4.57

ASTGCN 84 18.64 2.73 17.91 2.45
128 19.07 3.21 18.84 2.77
256 19.79 3.75 18.94 2.99

AutoFormer 84 17.65 3.29 19.57 3.78
128 19.60 3.22 20.61 3.93
256 20.08 3.70 21.83 4.38

FEDFormer 84 47.27 4.36 37.06 3.19
128 49.34 4.86 40.84 4.65
256 50.19 4.54 49.46 3.14

STG-Mamba 84 50.58 2.81 46.34 2.74
128 50.76 3.27 49.33 2.94
256 58.32 3.91 54.29 3.22

ST- 84 18.42* 2.71* 17.84* 2.56
MambaGCN 128 18.66 2.96* 17.98* 2.66*

256 19.30* 3.73 18.38 2.94*

Although FEDFormer performs well in terms of performance, its relatively slow processing speed pose
challenges in deployment. ASTGCN adopts a new graph attention mechanism to optimize modeling, when
the prediction length is short, the training time is comparable to that of ST-MambaGCN. However, on
datasets with a large number of nodes, the O(N2) complexity of attention still requires higher training
time. In contrast, ST-MambaGCN uses a state-space block with nearly an O(N) time complexity, which is
significantly lower than the O(N2) complexity of Transformer. Therefore, on PEMS04 and PEMS08, ST-
MambaGCN exhibits faster training speed and inference speed, demonstrating the computational speed
advantage of our model.

It is worth noting that the inference time of the STG-Mamba model is superior to that of other
Transformer models, which demonstrates the advantages of Mamba. However, the training process of STG-
Mamba is relatively time-consuming, making it more suitable for deployment after completion of training.
During actual deployment and application (i.e., the inference phase), it is faster and more lightweight than
other Transformer-based models, and thus more suitable for use in resource-constrained environments.

5.7 Ablation Experiments
To assess the efficacy of each component within the proposed ST-MambaGCN model, we implemented

the following alterations: RemM: In this variant, the Mamba block was entirely removed. RemGCN: Here,
the spatial-temporal convolution block was eliminated. RepM: The Mamba block was substituted with
a Transformer.
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Our experiments on the PEMS datasets are detailed in Tables 4 and 5, Fig. 4. The optimal results are
highlighted in bold, and the suboptimal results are underlined. On the PEMS04 dataset, RemM’s accuracy
lagged behind ST-MambaGCN, highlighting the Mamba block’s pivotal role in enhancing prediction
precision. In contrast, RepM showed reduced accuracy when compared with ST-MambaGCN, signaling
Mamba’s superior performance over Transformers in traffic forecasting. Furthermore, ST-MambaGCN’s
outperformance over RemGCN indicates that incorporating spatial relationships can significantly improve
predictive accuracy.

Table 4: Ablation results of the PEMS04 dataset

Model Predict size Metrics

MAE RMSE MAPE
RemM 84 36.35 54.51 0.29

128 41.13 61.95 0.36
256 47.74 70.36 0.43

RemGCN 84 34.12 51.49 0.25
128 37.41 56.31 0.29
256 41.26 62.15 0.34

RepM 84 37.41 56.71 0.28
128 44.77 66.02 0.43
256 53.77 78.82 0.46

ST-MambaGCN 84 28.87 44.66 0.20
128 32.47 49.33 0.24
256 39.19 59.23 0.30

Table 5: Ablation results on PeMS08 dataset

Model Predict size Metrics

MAE RMSE MAPE
RemM 84 41.39 46.58 0.23

128 45.18 51.26 0.24
256 60.77 63.31 0.33

RemGCN 84 29.39 43.75 0.22
128 32.43 47.96 0.24
256 37.35 54.75 0.28

RepM 84 41.80 46.87 0.22
128 48.76 52.70 0.25
256 65.88 66.69 0.36

ST-MambaGCN 84 28.38 43.02 0.19
128 31.51 46.83 0.21
256 36.22 53.73 0.26
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Consistent with PEMS04, PEMS08 results also favored ST-MambaGCN. RemM and RepM’s accu-
racies were significantly lower, reaffirming Mamba’s edge in traffic flow predictions. When predicting
256 time steps on the PeMS08 dataset, ST-MambaGCN achieves an MAE of 36.22, while RemM (with
the Mamba block removed) yields an MAE of 60.77, and the simplified model with the GCN module
removed results in an MAE of 37.35. Both modules contribute significantly to the model’s performance,
further reducing prediction errors in long-term forecasting. Collectively, these results substantiate ST-
MambaGCN’s superior performance over its counterparts, validating the efficacy of each component within
our proposed framework.

Figure 4: Ablation result on the PEMS dataset

Meanwhile, we can observe that RemGCN generally performs second-best. This is because even though
the graph convolution block is removed, the model still retains the Mamba block, which can effectively
capture temporal dependencies. Temporal information plays a vital role in traffic flow data, as traffic
patterns often show certain periodicity and continuity over time. Even without explicitly considering spatial
relationships, the Mamba block can learn the sequential characteristics of traffic data in different time steps.
Additionally, the basic structure of the model may still have some inherent capabilities to process data in a
way that captures part of the relevant information, allowing the RemGCN to achieve relatively good results
compared to RemM and RepM.

Notably, RemM demonstrates better performance than RepM. One possible reason is that without the
Mamba block, RemM simplifies the model structure, reducing the complexity that might lead to overfitting.
In contrast, although RepM replaces the Mamba block with a Transformer, the Transformer’s self-attention
mechanism, while powerful in handling long-range dependencies in some scenarios, may not be as well-
suited to the specific characteristics of traffic flow data. Traffic data often has local temporal correlations that
are more effectively captured by the relatively simpler structure of RemM. Moreover, the computational cost
of RemM is relatively lower, enabling it to converge faster during training and potentially leading to more
stable predictions.
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5.8 Exploration of Universality
To explore the universality of the model, we used a set of data of different types and from different

regions—Beijing Metro traffic data in China [52]. It is a larger scale dataset with more nodes. As shown
in Table 6, the optimal results are highlighted in bold, and the suboptimal results are underlined. The
ST-MambaGCN model maintains the same excellent performance as with PEMS data, demonstrating its
applicability to a wide range of scenarios.

Table 6: Traffic forecasting results on beijing metro dataset

Model Predict size Beijing metro

MAE RMSE MAPE
ASTGCN 84 40.55 54.37 0.30

128 40.78 60.03 0.34
256 43.30 66.92 0.36

InFormer 84 39.79 52.02 0.31
128 42.97 57.22 0.30
256 45.07 63.15 0.32

FEDFormer 84 48.45 55.96 0.33
128 54.76 69.14 0.36
256 52.19 60.30 0.34

STG-Mamba 84 41.63 53.89 0.32
128 45.33 60.61 0.33
256 47.12 62.76 0.35

ST-MambaGCN 84 38.84 53.64 0.29
128 40.66 55.89 0.31
256 41.20 59.51 0.33

6 Conclusion
In this study, we present a novel deep-learning framework, ST-MambaGCN, tailored for traffic pre-

diction. The motivation behind this framework is to address the limitations of current spatio-temporal
models in long-term traffic flow forecasting. To achieve this, in the spatial domain, the ST-MambaGCN
model capitalizes on Chebyshev convolution to capture the intricate spatial relationships between nodes
in the road network. This convolution method allows the model to understand how different parts of the
network interact with each other. In the temporal domain, the Mamba block plays a crucial role. It delves
into historical traffic data to extract meaningful temporal dependencies, enabling the model to recognize
patterns over time.

By integrating the merits of GCN and Mamba, the developed ST-MambaGCN model can handle
complex data dependencies with low computational complexity and notably enhance prediction accuracy.
When benchmarked against several state-of-the-art baseline methods on public datasets, it demonstrates
superior traffic prediction performance, marking a substantial advancement in traffic prediction capabilities.

However, our research is not without limitations. Real-world traffic is highly dynamic, influenced by
factors such as traffic accidents, traffic control measures, and special events. These factors cause spatial
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dependencies in the road network to change over time. Currently, the ability of GCN to capture spatial
relationships is based on a static graph, which falls short in dealing with these dynamic changes.

Based on the existing research conclusions of the ST-MambaGCN model and the dynamic adaptive
graph, future work could further advance dynamic spatial dependency modeling and enhance practical
applicability. On one hand, addressing the limitations of static graph modeling in GCN highlighted in the
document, real-time traffic incidents (e.g., accidents, temporary controls), meteorological data (such as
rainfall, ice, and snow), and vehicle trajectory data could be integrated into the construction of dynamically
adaptive graphs. By designing a multi-dimensional “flow-event-environment” driven adjacency matrix
update mechanism, the graph topology can adapt dynamically to real-time scenarios, thereby resolving
the documented issue of static graphs’ inability to cope with dynamic changes in road networks. Further-
more, practical deployment scenarios such as real-time traffic signal control and emergency evacuation
route planning could be explored. Through lightweight adaptations to ensure compatibility with edge
computing devices, the core objective of “enhancing urban traffic management and sustainability” can be
further advanced.
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Appendix A
These are the notation of system models and their descriptions mentioned in the method section for

the convenience of readers’ reading.

Table A1: Notation of system models

Symbol Description
X Input data matrix with dimensions RB×N×C×T

O Matrix obtained by reshaping X, with dimensions RB×T×D

B Batch size
N Number of traffic nodes
c Number of channels
T Length of the temporal dimension
D Hidden layer dimension

(Continued)

https://paperswithcode.com/task/traffic-prediction
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Table A1 (continued)

Symbol Description
Ô Feature matrix after linear projection, with dimensions RB×T×E D

P Feature matrix after convolution and SiLU activation function
processing, with dimensions RB×T×E D

Δ Parameter matrix obtained through the Softplus activation
function and the broadcasting mechanism, with dimensions

R
B×T×D

A Pre - defined learnable parameterized matrix, i.e., the state
transition matrix, with dimensions RD×N

B, C Matrices obtained by linearly transforming P, with dimensions
R

B×T×N

A, B Result matrices obtained through matrix operations, with
dimensions RB×T×D×N

ht Hidden state at time step t
pt Input at time step t

T(p)t Output at time step t
T(P) Result of performing a selective scan on P based on A, B, C, with

dimensions RB×N×E D

J Result of element-wise multiplication between T(P) and
SiLU(O), with dimensions RB×T×E D

X1 Matrix obtained by linearly transforming and reshaping J, with
dimensions RB×N×C×T

H Output of the spatial attention layer, with dimensions RB×N×N

Vs Learnable parameter used to capture complex interactions
between traffic nodes

M1 , M2, M3 Weight matrices used for transforming the temporal dimension,
combining the temporal and feature dimensions, and processing

data in the feature dimension, respectively
bs Bias matrix
σ Sigmoid function

X2 Spatial attention matrix after being transformed by the softmax
function, with dimensions RB×N×N

L Laplacian matrix, L = D − A
D Degree matrix, Di i = ∑ j Ai j
L̃ Regularized Laplacian matrix

λmax Maximum eigenvalue of the Laplacian matrix
IN N-order identity matrix

Tk(x) Chebyshev polynomial
Û Output of the graph convolution layer after ReLU activation

function processing, with dimensions RB×N×C×T

U Intermediate result of the graph convolution operation, with
dimensions RB×N×C×T

(Continued)
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Table A1 (continued)

Symbol Description
gθ Graph filter
θ All learnable parameters of the graph convolution operation
θk Coefficient of the k-th order Chebyshev polynomial
K Order of the Chebyshev polynomial
Y Output of the fully-connected layer, with dimensions RB×N×Tp

Tp Prediction length
Ŷ Final prediction result after multi-component fusion, with

dimensions RB×N×Tp

Wh , Wd , Ww Learnable parameters representing the hourly, daily, and weekly
dimensions, respectively

Yh , Yd , Yw Prediction results based on the hourly, daily, and weekly
dimensions, respectively, with dimensions RB×N×Tp

Loss Loss function (L1 loss, i.e., MAE)
yi Ground truth value
ŷi Prediction result of the tested model
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