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Abstract: Spatio-temporal graph data have been widely applied in traffic flow prediction tasks.
Traditional methods often combine graph convolutional networks with recurrent neural networks
based on the original graph structure. However, these methods typically struggle with issues such
as incomplete sensor distributions and unresolved potential dependencies between different parallel
intersections. Moreover, the model structure often fails to capture the noise inherent in traffic predictions,
which becomes a significant barrier to accurate forecasting. To address these challenges, we proposed
a novel approach that diverges from traditional traffic flow models, which rely on predefined graph
structures. Instead, our method uncovers hidden edge connectivity and integrates the data into a unified
framework, enabling the model to better capture the underlying spatial relationships. Specifically,
we introduced a new framework that combines neural control differential equations with stochastic
differential equations to enhance spatio-temporal graph modeling. This integration improves the model’s
capacity to capture complex spatio-temporal patterns, thereby enhancing the accuracy of prediction
tasks. Extensive experiments conducted on benchmark datasets validate the effectiveness of our method.

Keywords: spatio-temporal graph modeling; latent edges; spatio-temporal prediction; graph structure
reconstruction; differential equations

1. Introduction

In the era of accelerated digitalization and urbanization, transportation systems are facing unprece-
dented challenges and opportunities. Efficient and accurate traffic flow prediction plays a crucial role in
intelligent transportation systems. It not only helps alleviate urban congestion and enhance traffic safety
but also optimizes the allocation of transportation resources, providing strong support for the sustainable
development of cities [1–3]. Spatio-temporal graph data, with their powerful modeling capabilities,
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have significantly promoted the development of prediction technologies in various fields such as traffic
flow prediction, climate modeling, social network analysis, and epidemic spread modeling. In the traffic
flow prediction scenario, spatio-temporal graphs can effectively model the spatial relationships between
road segments and the temporal dynamics of traffic patterns, thus accurately predicting congestion and
traffic flow changes, as confirmed in relevant studies [4–6].

Past research on traffic flow prediction has been fruitful. Traditional models such as the autoregressive
integrated moving average model and the Kalman filter model were widely used for a period due to
their well-established theories and easy implementation. These models are based on certain linear
assumptions and can achieve satisfactory prediction results when the traffic flow is relatively stable
and its change pattern is relatively obvious. With the rise of machine learning techniques, models such
as support vector machines (SVMs) and random forests have also been introduced into traffic flow
prediction. They can handle more complex nonlinear relationships and improve the prediction accuracy
to some extent [7, 8].

In recent years, deep learning techniques have shown great potential in the field of traffic flow
prediction. Deep learning models represented by convolutional neural networks, recurrent neural
networks, and their variants (such as long short-term memory (LSTM) networks and gated recurrent
units (GRUs)) can automatically learn complex spatio-temporal features from large amounts of traffic
data and have achieved better prediction performance than traditional models on multiple public datasets.
Moreover, the inherent structure of graph data gives them certain natural advantages and such data
are widely used. Several methods for processing spatio-temporal graph data have been developed.
Spatio-temporal graph convolutional networks are commonly used to jointly model spatial and temporal
dependencies [9]. Graph convolutional networks are used to capture the initial relationships, while long
short-term memory networks handle time series [10]. Techniques for dynamic or time-varying graph
data, such as dynamic graph convolutional networks or dynamically constructed graph neural networks,
are also used to address the evolutionary nature of spatio-temporal relationships [11].

Currently, most studies focus more on the exploration of embedding vectors in the graph neural
network prediction process. MSTDFGRN (multi-view spatio-temporal dynamic fusion graph recur-
rent network) introduces a multi-view spatial convolution module to dynamically fuse static graphs
and adaptive graphs in multiple subspaces to learn the intrinsic and potential spatial dependencies of
nodes [12]. SSGCRTN (space-specific graph convolutional recurrent transformer network) introduces a
spatio-temporal interaction module and a transformer-based global time fusion module to capture global
spatio-temporal correlations [13]. SDSINet (spatio-temporal dual-scale interaction network) enhances
temporal feature modeling via implicit temporal identity embedding, reducing the computation costs
while capturing global dependencies [14]. Regarding the definition of graph structure, PSTCGCN
(principal spatio-temporal causal graph convolutional network) proposes a principal spatio-temporal
causal graph convolution and introduces a data-driven method for generating graph embeddings to recon-
struct the drifted data through adaptive transformation [15]. DHHNN (dynamic hypergraph hyperbolic
neural network) dynamically updates the hyper-graph structure through node clustering and distance
calculation, removes redundant edges, and applies a dynamic reconstruction mechanism to enhance
the model’s ability to model complex network structures [16]. DDMGCRN (decomposition dynamic
multi-graph convolutional recurrent network) introduces sensor-specific spatial identity embeddings and
timestamp embeddings to construct dynamic graphs and further integrates static graphs for multi-graph
fusion [17]. STSGCN (spatio-temporal synchronous graph convolutional networks) considers the time

Electronic Research Archive Volume 33, Issue 4, 2543–2566.



2545

steps in the spatial graph, integrates multiple adjacency matrices and self-connection matrices into a
large matrix, and extracts spatio-temporal correlations simultaneously through the graph convolution
module [18].

In the existing frameworks, spatial and temporal dependencies are typically modeled independently
using distinct mechanisms. For example, graph attention networks are adept at capturing spatial
dependencies [19]. However, they also face the following challenges: for some irregular time-series
data in static graphs, fixed-length uniform sampling of time steps is required, and their ability to
simulate complex spatio-temporal interactions is limited. There is a possibility of gradient vanishing
in long-term time-series data, and there are issues in handling dynamic graph topologies as well as
problems with the stability and gradients of long-term dependency modeling. In 2022, a breakthrough
concept for processing sequence data was proposed, which designed two neural controlled differential
equations, one for time processing and the other for spatial processing. Its improvement lies in the
ability to directly model continuous time series without interpolation. Moreover, the Lipschitz continuity
condition ensures the stability of the solution, and the support of differential equation theory further
alleviates the black-box nature. Neural differential equations and neural controlled differential equations
have been introduced to model continuous hidden states, offering a robust solution for handling irregular
spatio-temporal data in real-world scenarios [20], as shown in Figure 1.

Therefore, it is necessary to consider the spatio-temporal fusion of differential equations in traffic
flow prediction. Currently, graph neural networks with differential equation modeling either focus on the
construction and improvement of the neural network structure or on the combination of equations and
graph structures, and there has not been much exploration of spatio-temporal fusion from the perspective
of equations. To address this shortcoming, this paper improves the fusion method of spatio-temporal
differential equations. Instead of using traditional ordinary differential equations in the spatial dimension,
a neural stochastic differential equation model is proposed to capture more uncertainties. Since the
transportation system itself has a high degree of uncertainty, including the randomness of vehicle arrival
times and the fluctuations in road capacity, traditional models may ignore these uncertainty factors,
resulting in a large deviation between the predicted results and the actual situation. The neural stochastic
differential equation model can effectively capture these uncertainties and provide more reliable results
for traffic flow prediction.

In addition to improving the basic settings of the graph neural traffic flow prediction differential
equation, this paper further directly addresses the pain points in traffic prediction: the mining and
addition of hidden edges in the basic graph structure. The graph neural networks usually deal with
sparse adjacency matrices, which are only based on the number of sensors set in the actual road network.
If only the relationships between directly connected nodes are considered, the potential connections
between two roads that are not directly connected in space may be ignored. For example, roads that are
not directly connected may show similar traffic flows during the same time period. Currently, most of the
research on the reconstruction of adjacency matrices focuses on discussing the topological structure of
the graph using equations such as the clustering coefficient based on the original connection relationships.
To solve this problem, while ensuring the existence of actual edges, we no longer make judgments based
on the traditional local clustering coefficient. Instead, a quantitative method is introduced to identify the
hidden edges between nodes. The heterogeneity and dependence of nodes are explored through local
full connections to determine the number of these added edges, and the positions of the added edges are
further determined on the basis of the Pearson correlation coefficient.
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The innovations of this study are mainly reflected in the following aspects. A new graph neural
controlled traffic flow prediction differential equation is proposed. A random perturbation term is
added in the spatial dimension to capture cognitive uncertainties, and the excellent characteristics of
spatio-temporal fusion are retained. The improved spatio-temporal equation is used for subsequent
convolutional feature extraction and prediction. On the other hand, considering the uneven distribution,
insufficiency, and irrationality of sensors in traffic flow prediction, as well as the potential influence of
parallel roads, we start from the original graph structure and mine the potential connections between
nodes. Hidden edges are added while ensuring the actual connections, and the edge information is fully
exploited. Through this study, we expect to solve the problems of existing traffic flow prediction models
in handling complex dynamics, their lack of interpretability, and in ignoring graph structure connections.

Figure 1. Neural controlled differential equations for processing time-series.

2. Analysis

2.1. Methods and analysis

This paper investigates spatio-temporal graph data with a fixed topological structure, a common
assumption in traffic flow prediction, transportation networks, social networks, and financial networks.
For example, in transportation, road network topologies typically remain static. Similarly,the relation-
ships in social networks (such as friendships) or financial networks (transaction relationships between
institutions) are often assumed to be stable over the short term.

However, directly applying a fixed road network topology for modeling and analysis does not fully
leverage the spatial information. Graph neural networks inherently assume homogeneity, where only
nodes with similar features or identical labels are connected in the graph [21, 22]. This assumption
is particularly prominent in traffic flow prediction, where a fixed graph structure is typically used to
make forecasts. The problem arises when this fixed graph structure is not accurate. Traffic flow graphs
are usually based on data collection systems and sensor deployments, which are limited by resources.
As a result, comprehensive sensor deployment cannot be guaranteed, and some connections may be
missing between nodes that are related in terms of connectivity. This leads to sparse adjacency matrices
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in datasets like PEMSD4 and PEMSD8, where some nodes are not directly connected.
In reconstructing adjacency matrices, methods such as incorporating the local clustering coefficient

equation (2.1) are based on the original graph structure [23], where ei represents the number of edges
between the neighbors of node i and ki is the degree of the node. The denominator ki(ki − 1)/2
represents the maximum possible number of edges between neighbors. But they do not necessarily
reflect real-world relationships between nodes.

Ci =
2ei

ki(ki − 1).
(2.1)

Currently, no method has been developed to directly extract fixed implicit nodes for traffic flow
graph data structures. Our approach involves reconstructing the road network graph structure with
an assumption of a fully connected graph. This is followed by clustering and restructuring the graph
through spatial heterogeneity analysis. By incorporating implicit node connections into the nodes’
adjacency relationships, we improve the model’s accuracy. The selection of additional nodes is guided
by Pearson’s correlation coefficient, helping uncover hidden connectivity relationships between roads.

According to the spatial heterogeneity, let ni be the total number of nodes in a subregion and let mi

be the aggregation number. Assuming that the size of each class remains within a certain range, we
can reasonably infer that within the subregion, at least

⌊
ni
mi

⌋
nodes are closely connected. Therefore, we

can assume that these
⌊

ni
mi

⌋
nodes within each subregion are fully connected. To avoid model overfitting

or excessive computational resource usage, we introduce a threshold based on the actual connection
density, restricting the applicability of the full connection assumption.

Moreover, the original actual connections should remain unchanged, and sparsity constraints must
be preserved. Specifically, for a node nk within its subregion, if the actual connection point is sk, it must
hold that sk <

⌊
ni
mi
+ 1
⌋
. The number of mined hidden edges is given by

⌊
ni
mi

⌋
− sk.

Figure 2. Graph reconstruction and clustering process.

This process is depicted in the Figure 2, showcasing the steps involved in improving graph data pro-
cessing by revealing the latent connections, enhancing connections, performing clustering optimization,
and reconstructing the structure. The objective is to optimize the connections and structure of the graph
to enhance its representational power.

In the initial state, the connections between nodes are incomplete. For instance, the green, blue,
purple, and red nodes are connected by dashed lines, indicating latent connections that are yet to
be defined in the actual graph structure. These connections are typically introduced to strengthen
the graph’s structure and improve information flow. Clustering analysis is then applied to group the
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nodes, with the goal of finding the optimal clustering partition, ensuring that the nodes within each
cluster exhibit stronger connectivity. Ultimately, a new graph structure is generated by rearranging
the connections. This new structure incorporates not only the original node connections but also the
enhanced connections and clustering information, making the graph better suited for subsequent analysis
or processing. Once the graph structure is updated (with the addition of hidden edges), the input features of
the nodes are dynamically updated over time, accurately reflecting the evolving nature of the real system.

2.2. Assumptions and definitions

In traffic flow prediction tasks, traffic networks can be effectively modeled using graph structures to
capture spatial dependencies and temporal dynamics. This paper proposes a novel modeling method
based on temporal graph structures, which integrates graph convolutional networks with temporal
modeling techniques to achieve accurate predictions of future traffic flow.

• {Gti = (V,E,Fti)}
N
i=0: The set of nodes and the set of edges in the graph structure are fixed to

represent the topology of the traffic network, which is mathematically represented by the adjacency
matrix or the graph Laplacian matrix. The node features change over time to reflect the dynamic
characteristics of the traffic’s state, such as fluctuations in the volume of traffic flow and speed.
• V: This represents the set of nodes in the traffic network. Each node corresponds to a specific

geographic location, such as a traffic intersection or a sensor location.
• E: This represents the set of edges in the traffic network. Each edge defines a physical connection,

such as a road, or other dependencies, such as neighborhood relationships between nodes.
• Fti ∈ R

|V|×D: This represents the node feature matrix at time ti, containing D-dimensional feature
vectors for each node.

Such an approach enhances the ability to model long-term dependencies effectively. For instance,
in transportation networks, the road layout remains static, and in electricity networks, the connections
between power stations (nodes) and transmission lines (edges) are predefined. Similarly, this assumption
applies to social networks, where friendship relationships between users remain stable in the short term,
or to financial networks, where transaction relationships between banks or companies can be considered
fixed. This assumption also extends to meteorological networks, where weather stations’ locations and
their interconnections are geographically stable.

Traditional continuous dynamic equation methods embed discrete time-series inputs as continuous
dynamic processes, as illustrated in Figure 1. While these methods excel in processing time-series
data, they do not inherently model spatial information in graphs. Additional modules such as graph
attention networks are often employed to capture spatial correlations. However, this modular approach
can weaken the integration of spatial information with spatio-temporal relationships, thereby reducing
the overall coherence and effectiveness of the model.

To address these challenges, this paper proposes an innovative framework that further explores
hidden edges by analyzing a large volume of node feature data, enriching spatial representations (as
shown in Figure 2). Meanwhile, a spatio-temporal modeling framework is constructed, as illustrated in
Figure 3. Notably, the constructed spatial function retains the spatial adjacency matrix in its formulation,
ensuring that the spatial relationships are consistently integrated. Temporal dynamics are captured by
obtaining the temporal hidden states of the nodes through neural controlled differential equations, which
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effectively model temporal dependencies. This approach allows for the effective capture of temporal
variations in the graph, ensuring a smooth temporal information flow.

Figure 3. The overall workflow in our proposed work.

For spatial processing, a stochastic differential equation model is employed to account for dynamic
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changes in the graph’s spatial topology and the presence of randomness or uncertainty in the spatial
relationships. The inclusion of random diffusion terms in the stochastic differential equation (SDE)
smooths spatial processing and enhances the model’s robustness to noise. This innovation tightly
couples temporal and spatial modeling, improving the overall stability and performance of the model.

Finally, the integration of neural controlled differential equations (NCDE) and SDE provides a
unified spatio-temporal modeling framework, which not only captures the spatio-temporal information
more effectively but also handles uncertainty in the spatial relationships, thereby further improving the
model’s performance and robustness in complex data environments.

3. Process

3.1. Adaptive adjacency matrix construction

Within a reasonably defined region, we assume that the initial adjacency matrix is fully connected,
meaning that all nodes have the potential to be connected. This assumption helps to capture both global
and local patterns, allowing us to extract key regional features and hidden correlations between roads.
However, directly using a fully connected adjacency matrix increases the computational complexity and
introduces redundant information. Therefore, we apply a data-driven approach to optimize the adjacency
matrix, ensuring that it retains meaningful road connections while reducing unnecessary links.

Clustering methods are applied under the assumption of a fully connected graph structure to ensure
the identification of roads with similar traffic patterns. To determine the optimal number of clusters n∗,
we use the silhouette score, which is calculated as:

S (n) =
1
N

N∑
i=1

bi − ai

max(ai, bi),
(3.1)

where ai represents the average intra-cluster distance of a node, calculated as

ai =
1

|Ck| − 1

∑
j∈Ck , j,i

d(Xi, X j), (3.2)

and bi represents the minimum average inter-cluster distance to another cluster:

bi = min
Cm,m,k

1
|Cm|

∑
j∈Cm

d(Xi, X j). (3.3)

To ensure a balanced cluster size, we introduce a minimum node constraint: and require that each cluster
satisfies

|Ck| ≥ Nmin, ∀k = 1, 2, ..., n. (3.4)

The optimal cluster number n∗ is then selected by maximizing the silhouette score while ensuring that
the minimum cluster size constraint is met

n∗ = arg max
n

S (n), subject to |Ck| ≥ Nmin,∀k. (3.5)
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As the first step in optimizing the adjacency matrix, we introduce Pearson’s correlation analysis to
measure the similarity between road traffic patterns. The Pearson correlation coefficient between two
nodes is given by

ri j =

∑
t(Xi(t) − X̄i)(X j(t) − X̄ j)√∑

t(Xi(t) − X̄i)2
√∑

t(X j(t) − X̄ j)2
. (3.6)

After obtaining the optimal cluster number n∗, we compute the number of additional edges each
node needs to establish. The number of additional edges for a node is given by

∆di =

⌊N
n∗

⌋
− di, (3.7)

where di represents the current number of connections of node i, and
⌊

N
n∗

⌋
represents the expected

average number of connections each node should have under the optimal clustering number n∗. The
additional edges are determined on the basis of the Pearson correlation coefficients ri j, which are sorted
in descending order.

Define and select the top edges: First, sort all possible edges by the Pearson correlation coefficient
ri j in descending order. The sorted edge set is denoted as Esorted as follows:

Esorted = sort(E, by ri j, in descending order), (3.8)

where E is the set of all possible edges, and ri j is the Pearson correlation coefficient between nodes i
and j.

Select the top ∆di edges from Esorted: From the sorted edge set Esorted, choose the top ∆di edges, i.e.,
the ∆di edges with the highest Pearson correlation values, to fulfill the additional edge requirement for
node i.

Eselected = {e1, e2, . . . , e∆di} where ek ∈ Esorted, ∀k ∈ [1,∆di]. (3.9)

After clustering and Pearson correlation-based optimization, we construct the following fixed adjacency
matrix:

Afixed,i j(n∗) =

ri j, if (i, j) ∈ Eselected

0, otherwise.
(3.10)

In addition to the fixed adjacency matrix, we introduce node embedding learning to compute a data-
driven adaptive adjacency matrix, which is formulated as

Aadaptive = Softmax(σ(EE⊤)). (3.11)

where E represents the node embedding matrix, and σ(·) is an activation function such as relu (rectified
linear unit) or sigmoid. The Softmax function is applied to normalize the adjacency matrix and ensure
stability.

The final adjacency matrix is computed as a weighted combination of the fixed and adaptive adjacency
matrices as follows:

GS Ofinal = βAfixed(n∗) + (1 − β)Aadaptive, (3.12)

where β is a trainable parameter that controls the tradeoff between physical topology optimization (based
on Pearson’s correlation) and data-driven learning (based on node embeddings). The fusion coefficient
β is constrained within β ∈ [0, 1].
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3.2. Neural controlled differential equations

NCDEs parameterize the control function f (·) through neural networks, enabling dynamic adjust-
ments to hidden states based on input paths. This capability allows NCDEs to effectively accommodate
irregular sampling and partial observations, which are common in real-world data. By leveraging neural
networks to parameterize the control function, the model’s expressive power is significantly enhanced.

The mathematical formulation of NCDEs is as follows

h(T ) = h(0) +
∫ T

0
f (h(t); θ) dX(t). (3.13)

Equation (3.13) clarifies its dynamic evolution mechanism, and we can expand Eq (3.13) for repre-
sentation.

h(T ) = h(0) +
∫ T

0
f (h(t); θ f )

dX(t)
dt

dt. (3.14)

Equation (3.14) expresses the rate of change dX(t)
dt of the control path X(t) explicitly. It reveals that the

update of the hidden state h(t) is not only affected by the current state h(0) and the control function f ,
but is also directly driven by the rate of change of the control path X(t).

3.3. Stochastic differential equations

In spatio-temporal prediction tasks, future data distributions cannot be predicted with complete
accuracy solely on the basis of historical data. The discrepancy between predicted values and actual
outcomes primarily arises from the randomness inherent in real-world systems. To address this,
randomness is incorporated into the modeling process to reduce prediction error. At the same time step,
some predicted values may exceed the true values, while others may fall below them. To mitigate this,
noisy data with spatial correlation are randomly generated, allowing the predicted values to align more
closely with the true values.

SDEs combine deterministic and stochastic terms to describe the dynamic behavior of a system. To
integrate the temporal and spatial dynamics, a global temporal dynamics matrix H(t) is employed. This
matrix encodes hidden state information in the temporal dimension, serving as input for subsequent
modeling of spatial dynamics. This setup effectively separates and interacts between temporal and
spatial dimensions while capturing the randomness of real-world systems through the stochastic term

Z(T ) = Z(0) +
∫ T

0
g(Z(t); θg) dH(t) +

∫ T

0
W(Z(t); θg) dW(t). (3.15)

In this context, g and W represent the drift and diffusion terms, which can be any arbitrary continuous
functions. The term dW(t) denotes a Wiener process, where

dW(t) = ε ·
√

dt, ε ∼ N(0, 1). (3.16)

To enable the stochastic differential equations to generate stochastic data with spatial characteristics,
the ability to capture spatial information must be incorporated into the SDEs. Therefore, we introduce
graph neural networks as the drift term g(Z(t); θg).

In spatio-temporal prediction tasks, randomness often impacts multiple nodes simultaneously. For
example, an increase in data at one node may result in a decrease at another due to the underlying
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dependencies. Such spatially correlated randomness is modeled using spatial correlations extracted
from graph neural networks. Our neural SDE efficiently captures these spatio-temporal correlations,
making it highly suitable for real-world prediction tasks.

3.4. Graph neural controlled space-time fusion equation

3.4.1. Time processing

The first NCDE used for time processing can be written as follows:

H(T ) = H(0) +
∫ T

0
f (H(t); θ f )

dX(t)
dt

dt. (3.17)

Define a matrix H(t) ∈ R|V|×dim(h(v)), where h(v)(t) is the hidden trajectory of the temporal information of
node v (at time t ∈ [0,T ]). Thus, the trajectory formed by H(t) at time t contains the hidden information
of temporal processing results.

3.4.2. Spatial process

After that,we start the SDE with the following spatial process:

Z(T ) = Z(0) +
∫ T

0
g(Z(t); θg; GSO f inal) dH(t) +

∫ T

0
W(Z(t); θg) dW(t). (3.18)

The hidden trajectory Z(t) is controlled by H(t), which is generated by the temporal processing module
and subsequently used in the spatial processing module. H(t) injects temporal information into the spatial
processing module, enabling spatial aggregation to account for the temporal context simultaneously.
This integration allows the model to capture spatio-temporal interactions with greater accuracy.

The stochastic differential equation effectively captures the random noise and uncertainty within the
system by introducing a random noise term. This addition enhances the model’s robustness to unknown
data and improves its generalization ability, making it well-suited for complex dynamic systems.

By combining Eqs (3.17) and (3.18) , the following single equation is derived, incorporating both
temporal and spatial processing:

Z(T ) = Z(0) +
∫ T

0
g(Z(t); θg; GSO f inal) f (H(t); θ f )

dX(t)
dt

dt +
∫ T

0
W(Z(t); θg) dW(t). (3.19)

Z(t) ∈ R|V|×dim(Z(V)) denotes the matrix formed by superimposing the hidden trajectories Z(V) of all
nodesV. This matrix is generated by combining the hidden trajectories of all nodesV with those of
their neighboring nodes. In this equation, the hidden trajectories Z(V) are determined by integrating
the trajectories of the nodes themselves and their neighbors.

Unlike traditional methods that rely on normalized adaptive adjacency matrices, the settings of graph
signal operator parameters integrate both the latent graph structures and adaptive components, providing
the graph with “prior” knowledge. This enables the model to not only adapt to changes in the graph
but also to leverage hidden relationships (edges that are not explicitly present). This is a significant
innovation, as traditional adaptive adjacency matrix methods typically compute the graph structure
on the basis of node similarities, overlooking hidden relationships that may be critical to the model’s
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performance. The introduction of GSOfinal greatly enhances the model’s capacity to capture complex and
latent relationships within the graph, which is crucial for modeling real-world dynamic systems, such as
traffic flow. In the context of traffic flow prediction, the incorporation of GSOfinal enables the model to
better capture the latent dependencies between different road segments, even when these dependencies
are not explicitly modeled by traditional graph structures. Traffic flow often exhibits complex, nonlinear
interactions between adjacent roads and regions, which traditional models may miss. By integrating
hidden relationships through GSOfinal, the model can improve predictions of traffic congestion and
flow patterns, especially during peak hours or unexpected disruptions, where traditional models often
struggle to adjust dynamically.

Furthermore, designing the parameterizations f and g is a critical component of spatial processing.
By parameterizing these functions as a graph neural network, the model is able to more effectively learn
and represent the intricate spatial relationships between nodes and their neighbors. This leads to more
accurate node trajectories Z(t), particularly in data with dynamic and evolving graph structures, such
as traffic networks that change depending on the time of day, accidents, or road closures. The ability
to adaptively learn these spatial relationships, rather than relying on predefined assumptions, marks a
key innovation in the model’s ability to handle complex traffic dynamics. Finally, by combining the
stochastic properties of stochastic differential equations with the controlled dynamics of controlled
differential equations, the proposed equations offer a robust and flexible solution to spatio-temporal
prediction tasks. In traffic flow prediction, this combination is particularly advantageous because traffic
systems often exhibit both deterministic and random behavior, such as predictable rush hours and
unpredictable accidents or weather disruptions. SDEs provide the ability to model the randomness in
traffic flow, while controlled differential equations (CDEs) offer precise control over the underlying
deterministic flow patterns. This integration significantly improves the model’s ability to forecast traffic
conditions under various scenarios, enhancing its adaptability and robustness to dynamic, real-world
traffic systems.

4. Experimental study

In this section, we conduct experiments on three real-world datasets to demonstrate the effectiveness
of the proposed model. In all cases, the model outperforms the others in terms of accuracy. Additionally,
a comprehensive evaluation is performed to analyze the impact of key hyperparameters and the sensitivity
of the model. Specifically, the model exhibits varying levels of sensitivity under different time horizons
and missing rate scenarios.

The model is compared against the following three categories of baseline methods. Models based on
graph convolutional networks, including AGCRN (adaptive graph convolutional recurrent network),
DDGCRN (decomposition dynamic graph convolutional recurrent network), ASTGCN (attention based
spatio-temporal graph convolutional networks), and STFGNN (spatio-temporal fusion graph neural
networks), focus on handling spatio-temporal data with inherent spatial dependencies. Similarly, the
proposed model is compared with recent spatio-temporal models such as MGCN (mamba-integrated spatio-
temporal graph convolutional network), TSHDNet (temporal-spatial heterogeneity decoupling network),
FasterSTS, Minusformer, and MambaTS. Finally, models based on neural differential equations, such
as STGODE (spatio-temporal graph ode network) and STG-NCDE (graph structure neural differential
equations on spatio-temporal prediction), leverage ordinary differential equations to model the dynamic
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evolution of spatio-temporal data, which is particularly effective for long-term time series forecasting.
Experiments are conducted on three widely used datasets, including PEMS04, a traffic flow dataset

from the California Department of Transportation (CalTrans) Performance Measurement System.
Starting from January 1st, 2018, the dataset records traffic information at five-minute intervals over a
period of 59 days, encompassing 16,992 time slices. The dataset contains traffic flow data and a 307 ×
307 adjacency matrix representing the connectivity and distances between 307 intersections. Table 1
summarizes the statistical details of these datasets. Further details of the other datasets are omitted here
for brevity.

Table 1. Details of the datasets.

No. Name Type v Length
1 PEMSD3 Traffic flow 358 26,208
2 PEMSD4 Traffic flow 307 16,992
3 PEMSD8 Traffic flow 170 17,856

4.1. Settings

The dataset was divided into training, validation, and test sets in a 6:2:2 ratio. Predictions were
made for 12 consecutive time steps, with a 5-minute interval between each time point. The performance
of different models was evaluated using three metrics: mean absolute error (MAE), mean absolute
percentage error (MAPE), and root mean squared error (RMSE).

The following hyperparameter configurations were used for testing: The Adam optimizer was
employed to train the model for 100 epochs, with a batch size of 64 across all datasets. The learning
rate was selected from the set {1 × 10−2, 5 × 10−3, 1 × 10−3, 5 × 10−4, 1 × 10−4}, and the weight decay
coefficient was chosen from {1 × 10−4, 1 × 10−3, 1 × 10−2}. Following the methodology of Kipf [34], the
number of Chebyshev polynomial terms, K ∈ {1, 2, 3}, was tested. The predictive performance varied
slightly across datasets as K increased. To balance computational efficiency and model performance,
the optimal value of K was selected for each dataset, with K = 2 for PEMS08 and K = 3 for the others,
depending on the best prediction results.

4.2. Baseline models

The proposed new model is compared with 11 baseline models. All baseline models are implemented
using publicly available official implementations to ensure consistency. The baseline models are as follows.

1) AGCRN [24]: A deep learning model that combines graph convolutional networks, recurrent neural
networks, and attention mechanisms. It is particularly suited for handling dynamic data with temporal
dependencies and graph structures, such as traffic flow prediction and social network analysis.

2) DDGCRN [25]: A model that captures the structural relationships between nodes through graph
convolutional layers while leveraging recurrent neural network to capture temporal information. This
allows effective time-series forecasting with dynamically changing graph structures.

3) ASTGCN [26]: A model designed to simultaneously capture the spatial and temporal (sequential)
dependencies using graph convolutional networks. A key feature of ASTGCN is the incorporation of
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attention mechanisms, enabling the model to automatically learn and focus on the most important
spatio-temporal nodes, thus improving forecasting accuracy.

4) STGODE [27]: A model that uses ordinary differential equations to describe dynamic changes in
spatio-temporal graphs. The model also captures spatial dependencies between nodes through graph
convolutional networks.

5) STFGNN [28]: This model focuses on handling spatial dependencies using graph neural networks
(GNNs) while incorporating time-series modeling to capture dynamic changes in spatio-temporal data.

6) MambaTS [29]: An enhanced time series forecasting model based on the Mamba architecture,
utilizing selective state space models for linear complexity and incorporating temporary Mamba
blocks for improved long-term forecasting.

7) Minusformer [30]: A transformer variant that employs subtractive attention to reduce computational
complexity, enhancing efficiency while maintaining performance, especially for long-sequence modeling.

8) MGCN [31]: A multi-scale graph convolutional network designed for spatio-temporal data, cap-
turing spatial dependencies at multiple scales and modeling dynamic changes through temporal
convolutions, excelling in tasks like traffic forecasting and meteorological analysis.

9) TSHDNet [32]: A time-series hierarchical decomposition network that decomposes signals into trend,
seasonality, and residual components for independent modeling, enhancing accuracy in complex
time series with clear periodicity and trends.

10) FasterSTS [33]: An efficient spatio-temporal sequence modeling framework using lightweight spatio-
temporal separable convolutions, reducing the computational overhead while preserving modeling
capabilities,which is suitable for real-time prediction scenarios.

11) STG-NCDE [20]: A model that is capable of efficiently capturing the spatial dependencies in data
while using neural continuous dynamic equations to model the temporal evolution of the data, making
it highiy-suited for handling long-term time-series data.

4.3. Results

Table 2 presents the average prediction performance of the baseline models across three real-world traffic
datasets. The best result in each column is highlighted in bold, while the second-best result is underlined. To
further demonstrate the scalability of our approach, the penultimate row in the table shows the performance
of our model with a single convolutional layer (reducing convolutional black-box complexity).

In the final row, we design a two-layer convolutional network with an activation function placed
between the layers for the output passed to the convolutional network.

The performance of our model outperforms almost all of the baselines, achieving superior traffic flow
prediction results. For the PEMSD3 and PEMSD4 datasets, our method achieves the best performance
across all metrics except for the MAPE for PEMSD3, where it ranks second. For the PEMSD8 dataset,
while our model does not achieve the lowest MAE, RMSE, and MAPE compared with FasterSTS and
MGCN, it achieves the second-best RMSE and MAPE overall. FasterSTS has a lower MAPE and its
RMSE is not the best,whereas MGCN’s performance in terms of both MAE and MAPE is worse than ours.
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Table 2. Performance comparison on PEMSD datasets.

Model PEMSD3 PEMSD4 PEMSD8
MAE RMSE MAPE% MAE RMSE MAPE% MAE RMSE MAPE%

AGCRN 19.41 32.34 25.92 19.83 32.26 12.97 16.69 26.43 10.22
DDGCRN 17.96 28.49 16.09 19.28 32.61 12.82 15.82 26.21 10.89
ASTGCN 20.17 33.33 19.48 22.93 35.22 16.56 23.71 35.56 14.21
STGODE 16.77 28.34 16.30 20.84 32.82 13.77 16.81 25.97 10.62
STFGNN 16.50 27.84 16.69 20.48 32.51 16.77 15.76 25.11 10.61
MambaTS 16.61 26.22 16.23 22.52 35.94 14.91 17.1 27.43 11.58
Minusformer 16.43 25.95 16.14 22.21 35.31 14.32 16.82 27.02 10.65
MGCN 16.93 29.52 16.45 19.75 31.83 12.86 15.42 24.83 10.15
TSHDNet 15.30 25.70 10.19 19.72 32.13 13.20 14.97 25.56 10.15
FasterSTS 16.30 27.03 16.52 19.64 31.67 12.98 14.93 25.42 9.90
STG-NCDE 15.65 28.93 15.11 19.33 31.18 12.75 15.93 25.42 11.56
Our method 15.24 27.15 14.21 19.27 31.14 12.69 15.82 25.07 10.59
Our method (2conv) 15.15 25.03 13.85 19.13 31.05 12.32 15.77 24.97 10.12

Figure 4. Traffic flow prediction at various nodes in PEMSD8 (our method).

Therefore, while the performance of our model on the PEMSD8 dataset is slightly weaker compared
with the other two datasets, its overall performance is still strong, indicating that the model is generally
accurate for most predictions in real-world scenarios. However, the model tends to show slightly higher
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errors on datasets with fewer sensors, such as PEMS08, which also illustrates that data sparsity behavior
can still pose a challenge to the performance of our approach. Our model performs better in environments
with dense sensor coverage and more complex traffic patterns, but further improvements may be needed
for datasets with sparse traffic flows. The performance of our method is also outstanding on three
datasets, with MAPE values of 14.21% (PEMSD3), 12.69% (PEMSD4), and 10.59% (PEMSD8),
demonstrating both stability and accuracy. Particularly, it outperforms on the PEMS03 and PEMS04
datasets, capturing the spatial dependencies and complex traffic patterns effectively.

Figure 5. Traffic flow prediction at various nodes in PEMSD8 (our method (2conv)).

Figures 4 and 5 present the traffic flow prediction results for different nodes of the model on the
PEMSD8 dataset. Figure 4 corresponds to Table 2, where our model does not include additional
convolutional layers. While Figure 5 shows the model for the last row of Table 2 “Our method (2-
conv)”. Each figure represent predictions for time periods, with comparisons with the real data and the
baseline model’s (STG-NCDE) predictions. The model demonstrates reasonable performance, with the
STG-NCDE prediction curve exhibiting similarities to our method at many time points. Both methods
effectively capture the overall traffic flow variations.

However, our method achieves a better fit to the true values, resulting in lower errors and more
precise predictions. As shown in Figures 4 and 5, our method provides more accurate predictions in
challenging cases. Specifically, for the highlighted time points at nodes in the PEMSD8 dataset, our
method significantly outperforms STG-NCDE. Although STG-NCDE captures the overall trend, it
exhibits larger errors at these specific nodes, indicating suboptimal performance in capturing fine-grained
details at certain time points.
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In Figure 6, the left panel of the figure illustrates that as the prediction horizon increases (with the
horizontal axis representing the prediction length), the error progressively rises. The error analysis of the
PEMS04 and PEMS03 datasets indicates that with the extension of the prediction time window, all error
metrics exhibit a gradually increasing trend. This aligns with a common phenomenon in time-series
forecasting, where errors tend to accumulate as the prediction horizon extends. Compared with the
PEMS03 dataset, the model demonstrates relatively stable performance in short-term forecasting (within
30 minutes) on the PEMS04 dataset, with minimal variations in errors. However, as the prediction
length increases, the rise in MAE and RMSE becomes more pronounced, suggesting that in long-term
forecasting, the model’s predictive capacity is constrained, making it challenging to capture long-term
traffic flow patterns. The upward shift in error is considered inevitable. Compared with simple graph
convolution methods, differential equation-based models, after training on long-term dependencies, are
often better at extrapolating future states.

Figure 6. MAE and RMSE comparison on PEMSD4 and PEMSD3.

The baseline model (our method) performs best across all metrics, with an MAE of 15.77, an RMSE
of 24.97, and an MAPE of 10.1223% in Table 3. Hidden connections play an important role in the
model’s performance, as their removal increases prediction errors. Removing the spatial SDE leads to
a more significant decline, with an MAE of 17.83, an RMSE of 27.50, and an MAPE of 11.7740%,
showing that the spatial SDE component is crucial for improving the model’s accuracy. The variant
with no hidden edges and a fixed spatial SDE performs the worst, suggesting that both hidden edges and
spatial SDE contribute significantly to reducing prediction errors. Similarly, Table 4 presents the results
of the ablation experiments conducted on the PEMSD4 dataset. It clarifies how each factor impacts the
model’s performance. The results suggest that incorporating both hidden connections and spatial SDE
is crucial for accurate traffic flow prediction on the PEMSD8 and PEMSD4 datasets.

Table 3. Ablation experiments on the PEMSD8 dataset.

Datasets PEMSD8
The original model and variants MAE RMSE MAPE %
Our method (baseline) 15.77 24.97 10.1223
Our method (no hidden connections) 16.78 26.45 11.0843
Our method (no spatial SDE) 17.83 27.50 11.7740
Our method (no hidden edges, fixed spatial SDE) 18.33 27.90 12.4072
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Table 4. Ablation experiments on the PEMSD4 dataset.

Datasets PEMSD4
The original model and variants MAE RMSE MAPE %
Our method (baseline) 19.13 31.05 12.3224
Our method (no hidden connections) 19.39 31.43 12.7729
Our method (no spatial SDE) 19.55 31.50 12.8323
Our method (no hidden edges, fixed spatial SDE) 20.09 32.13 13.4218

Figure 7. Comparison of MAE and MAPE for different models at a 10% missing rate.

Figure 8. Comparison of MAE and MAPE for different models at a 30% missing rate.

To further demonstrate the advantages of our model, we conducted long-term forecasting experiments
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under missing data conditions by extending the prediction horizon to 24 steps and comparing it with
the baseline model, STG-NCDE. As shown in Figures 7 and 8, in long-term sequence forecasting,
our model’s MAE and MAPE increase at a significantly slower rate than those of STG-NCDE as the
prediction horizon grows. Specifically, with a missing data ratio of 0.1, our model’s average growth rates
are 1.23% for MAE, 1.07% for RMSE, and 1.42% for MAPE. In contrast, STG-NCDE shows average
growth rates of 1.68% for MAE, 1.67% for RMSE, and 1.99% for MAPE. Furthermore, when the missing
ratio increases to 0.3, the MAE growth rate of STG-NCDE surpasses that of our model by 0.08%.

As the prediction horizon extends, the error in STG-NCDE accumulates and increases rapidly, while
the error growth in our model slows down. For instance, in the early steps of prediction, both models
exhibit similar errors, but when the forecast horizon is extended to longer periods (such as 12 steps or
beyond), the MAE and MAPE growth rates of STG-NCDE increase sharply, while our model shows a
much more gradual increase.

Performance comparisons under different missing rates showed that in the presence of missing
data, our model shows stronger stability in predictive performance compared with STG-NCDE. As the
missing ratio increases from 10% to 30%, both models experience an increase in prediction errors, but
the performance degradation of STG-NCDE is more significant. When the missing rate is 10%, our
model still maintains relatively low MAE and MAPE, with only a slight increase compared with the case
with no missing data. On the other hand, STG-NCDE exhibits relatively higher errors, indicating that
our model already shows an advantage under minimal missing data. When the missing ratio increases to
30%, this gap widens further, with the MAE and MAPE of STG-NCDE increasing much more sharply
than ours.

4.3.1. Sensor failure scenarios

Table 5 presents the improvement or deterioration of three different methods—STGODE, STG-
NCDE, and the proposed new method—compared with the baseline under various missing rates. The
evaluation metrics include MAE, RMSE, and MAPE.

Table 5. Performance comparison under different missing rates.

Missing rate STGODE STG-NCDE New method

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

10% 7.99↑ 5.72↑ 5.43%↑ 0.23↑ 0.15↑ 0.13%↑ 0.01↑ 0.32↑ 0.16%, ↓
30% 8.47↑ 6.42↑ 4.62%↑ 0.76↑ 0.83↑ 0.51%↑ 0.17↑ 0.38↑ 0.2408%↓
50% – – – 1.23↑ 1.36↑ 0.75%↑ 0.64↑ 1.03↑ 0.2554%↑

Across different missing rates, the new method consistently demonstrates certain advantages. The only
exception occurs at the 10% missing rate, where the RMSE increases by 0.32, exceeding the lowest
STG-NCDE increase of 0.15. Apart from this case, our model remains the optimal approach in all scenarios.

Furthermore, it is important to emphasize that even in the scenario with no missing data, the
prediction performance of the new method already achieves the ideal MAE, RMSE, and MAPE values,
further validating its robustness and effectiveness.

In real-world traffic forecasting, traffic sensors may malfunction, and repairing these sensors requires
a certain amount of time. Consequently, data collection in some regions becomes impossible within
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specific timeframes. To reflect this situation, we randomly set missing rates of 10%, 30%, and 50% for
each node independently.

Since the newly proposed model, TGODE, and STG-NCDE are all neural differential equation
models from a macroscopic perspective, we compare our method with these two representative baselines.
The proposed model demonstrates superior performance due to its ability to mine the static graph
structure of hidden edges and integrate SDEs, which enhances both flexibility and adaptability.

From the experimental results, it is evident that under a 50% missing rate, the STGODE model fails
to correctly compute gradients during training, leading to not a number loss values. Empirical analysis
indicates that when the missing data exceed 40%, normal prediction becomes infeasible. Therefore,
under large-scale sensor failures, STGODE can no longer provide reliable predictions.

In contrast, the performance degradation of our model remains minimal. Notably, under 10% and
30% missing rates, the MAPE even decreases, as shown in Figure 9. This phenomenon is likely due to
the incorporation of a hidden-edge adjacency matrix during construction of the spatial function, which
effectively compensates for missing nodes through hidden connections. These findings suggest that
when sensor failures occur at a missing rate below 30%, normal forecasting remains unaffected. Even in
cases of large-scale failures (50% missing rate), our model’s MAPE increases by only 0.2554%, which
is the smallest increase among all models, as demonstrated in the table.

Figure 9. Relative MAPE growth for different models at 10%, 30%, and 50% missing rates.

5. Conclusions

This paper proposes a novel spatio-temporal neural-controlled differential equation model for traffic
prediction. The model is extensible to scenarios consistent with our assumptions, including regional
forecasting and other real-world applications. By incorporating hidden edges to reshape the graph
structure and embedding their features into the spatial predictive equation, our approach uniquely differs
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from previous methods that rely solely on adaptive adjacency matrices. This innovation enhances the
model’s ability to capture complex spatio-temporal dynamics, which traditional methods often fail to
represent. A critical innovation in our approach is the construction of the spatial process using stochastic
differential equations, which better accounts for the spatial uncertainty and dynamic relationships
inherent in real-world systems, such as traffic flow. Incorporating SDEs into the spatial model allows us
to handle not only deterministic traffic flow patterns but also the random fluctuations that are common
in urban environments, such as sudden congestion or accidents. This spatial SDE framework improves
the model’s flexibility and robustness, ensuring that it can handle unpredictable changes in the traffic
system more effectively.

Notably, the structural innovations in the use of controlled differential equations and SDEs sig-
nificantly enhance the model’s robustness and adaptability, making it capable of maintaining high
accuracy even in the presence of sensor failures and missing data. This is particularly important for
regional predictions, where data gaps are common. The incorporation of CDEs and SDEs ensures that
the model not only captures the deterministic aspects of the system but also accounts for stochastic
influences, providing a more comprehensive understanding of the traffic dynamics. The proposed
model shows great potential in applications such as traffic flow forecasting, urban planning, congestion
management, and other intelligent transportation systems. Its flexibility in modeling irregular regional
data further supports its applicability in real-world scenarios. The spatial SDE framework enables the
model to capture the complex spatial relationships between different regions of a transportation network,
enhancing its ability to forecast traffic flow even under dynamic and uncertain conditions.

Future research directions include exploring adaptive node aggregation mechanisms, extending the
model to cross-domain applications, improving interpretability, and further advancing the practical
implementation and theoretical understanding of spatio-temporal data processing.

Experiments conducted on three datasets and eleven baseline models consistently demonstrated the
superior overall accuracy of our approach. Furthermore, the model supports irregular regional fore-
casting, maintaining high accuracy even in regional block prediction scenarios—a challenge frequently
encountered by existing methods. We believe that the proposed model is well-suited for a wide range
of real-world data scenarios, enabling in-depth analysis and offering a promising direction for future
research in spatio-temporal data processing.
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