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Abstract—With the development of intelligent transportation 

systems, traffic flow prediction on complex traffic networks has 

become increasingly important, particularly in urban 

management and traffic planning, where it holds significant 

practical value. Existing traffic flow prediction methods primarily 

rely on stacking discrete modules to enhance prediction accuracy. 

However, the discontinuous hidden state trajectories between 

discrete modules may result in increased numerical errors and 

insufficient precision in capturing dynamic changes. Neural 

controlled differential equations (NCDEs), which can 

continuously adjust hidden state trajectories based on control 

signals, effectively address these issues. For this, we propose an 

Attention Graph Neural Controlled Differential Equations model 

(AG-NCDE). Specifically, the model first employs an attention 

controlled differential equation to model continuous-time 

dependencies. Then, it integrates high-dimensional 

spatiotemporal features through continuous dynamic 

spatiotemporal embeddings to construct a dynamic 

spatiotemporal graph. Finally, the spatial features are propagated 

using a graph controlled differential equation. The proposed AG-

NCDE model is evaluated through comparative experiments on 

four public datasets: PEMS03, PEMS04, PEMS07, and PEMS08. 

The results demonstrate that the model exceeds most baseline 

models across three different metrics in terms of overall prediction 

performance. Additionally, it exhibits superior results in handling 

missing data. 

Keywords—traffic flow forecasting, spatio-temporal embedding, 

neural controlled differential equations, graph convolution network  

I. INTRODUCTION

With the acceleration of urbanization and the rapid growth 
of automobile ownership, urban traffic problems have become 
increasingly prominent. Traffic flow prediction enables 
intelligent transportation systems to anticipate upcoming traffic 
conditions, allowing for real-time adjustments to traffic signals, 
electronic road signs, and other control measures. This 
optimizes road network efficiency, reduces unnecessary stops 
and wait times, and improves traffic flow, thereby addressing 
urban traffic issues. Furthermore, analyzing and predicting 
traffic flow data helps urban planners understand traffic 
demands, optimize road designs, allocate resources effectively, 
and plan future transportation infrastructure construction[1]. 
Therefore, accurate traffic flow prediction is of profound 
significance to urban transportation systems. 

In recent years, the success of deep learning models has been 
particularly notable, largely due to their ability to capture the 
inherent spatiotemporal dependencies in transportation systems. 
Among them, models based on graph convolutional networks 
(GCNs) have been widely applied due to their superior 
performance[2],[3], while methods utilizing neural controlled 
differential equations (NCDEs) have also gained attention 
[4],[5]. Researchers have dedicated significant efforts to 
developing novel models for traffic prediction, incorporating 
innovations such as advanced graph convolution techniques, 
graph structure learning, and efficient attention mechanisms. 
However, despite these advances, two key challenges remain 
largely unaddressed: 

Modeling long-term dependencies in neural controlled 
differential equations: The hidden states in NCDEs are driven 
by the pointwise changes of control signals, primarily reflecting 
short-term dynamic features[6]. Over time, the impact of earlier 
inputs tends to be overshadowed by more recent signals, leading 
to a weakening of long-term dependency information. Long-
term dependencies are essential for modeling complex 
spatiotemporal sequences, particularly in traffic flow prediction, 
where accurately capturing such information can significantly 
improve prediction performance[7]. 

Leveraging the temporal and spatial characteristics of traffic 
signals in NCDEs: Traffic flow spatiotemporal data exhibit 
pronounced high-dimensional patterns: temporal data reveal 
daily, weekly, and monthly periodic patterns, while spatial data 
involve dynamic node relationships and complex interactions 
between regions[8]. Existing NCDE-based traffic flow 
prediction models primarily focus on capturing changes in 
continuous time series but pay insufficient attention to temporal 
periodicity and the dynamic evolution of spatial relationships, 
thereby limiting their performance in traffic flow prediction. 

To address these challenges, this paper proposes an 
Attention-based Graph Convolutional Neural Controlled 
Differential Equation (AG-NCDE) model for traffic flow 
prediction. First, AG-NCDE employs an attention-controlled 
differential equation to store all historical hidden states in 
external memory units, ensuring the model can capture global 
dependencies. Then, it integrates temporal information across 
multiple scales and dynamic spatial relationships using 
continuous dynamic spatiotemporal embeddings. Finally, a 
graph convolutional controlled differential equation propagates 
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traffic flow state information spatially among nodes, capturing 
complex interactions between regions. 

The main contributions of this paper are summarized as 
follows: 

• A new neural controlled differential equation is designed 
to learn temporal dependencies. By integrating an 
external attention mechanism with NCDEs, the model 
overcomes the limitation of NCDEs in capturing long-
range spatiotemporal dependencies. 

• A novel graph structure is developed. It generates 
continuous dynamic spatiotemporal embeddings by 
blending temporal features at different scales with 
dynamic spatial features and constructs a dynamic graph 
structure based on node similarity to extract spatial 
features. 

• Experiments on four real-world datasets demonstrate the 
effectiveness of the proposed model. Additionally, 
further tests validate the robustness of the model under 
missing data conditions. 

II. RELATED WORK 

A. Traffic forecasting 

In recent years, traffic flow prediction has emerged as a key 
task within intelligent transportation systems, attracting 
significant attention from researchers[9],[10]. Traditional 
statistical methods, such as the Autoregressive Integrated 
Moving Average (ARIMA) model[11] and Support Vector 
Machines (SVM) [12], were among the earliest approaches used 
to predict traffic metrics. However, these methods fail to 
effectively address the complex spatiotemporal correlations in 
traffic flow data due to their disregard for spatial characteristics. 
With the rise of deep learning techniques, Convolutional Neural 
Networks (CNNs) and Recurrent Neural Networks (RNNs) have 
been widely adopted for traffic flow prediction. For instance, 
ST-ResNet[13] leverages deep residual CNNs to predict urban 
crowd flows, while DCRNN[14] combines diffusion processes 
to simulate road traffic conditions and employs Gated Recurrent 
Units (GRUs) to capture temporal features. Nevertheless, these 
models demonstrate limited capability in modeling 
spatiotemporal relationships in non-Euclidean spaces. Recently, 
Graph Neural Network (GNN)-based methods have rapidly 
advanced, becoming the mainstream approach in traffic flow 
prediction. STGC[15] was the first to introduce convolutional 
structures and graph convolutional networks to simultaneously 
model temporal and spatial features. Graph WaveNet[16] 
extracts complex spatiotemporal correlations using adaptive 
graph structures and gated convolutional networks. Additionally, 
ASTGCN[17] and AGCRN[18] enhance traffic flow modeling 
capabilities by incorporating attention mechanisms and adaptive 
graph structures. More recently, STFGNN[19] and 
DSTGCN[20] have explored dynamic associations between 
nodes through dynamic graph generation methods, while 
STGODE[21] integrates neural differential equations to capture 
nonlinear spatiotemporal characteristics. These approaches have 
made remarkable progress in capturing complex spatiotemporal 
dependencies. However, further research is required to address 
challenges such as capturing dynamic changes in traffic flow 

data and improving the efficiency of graph structure 
construction. 

B. Neural Controlled Differential Equations  

Neural Differential Equations (NDEs) represent an approach 
that combines continuous-time differential equations with 
neural networks[22]. Neural Ordinary Differential Equations 
(NODEs) were the first to apply residual networks to continuous 
simulations of neural differential equations (ODEs) and 
developed a general framework for constructing such 
equations[23]. STGODE extended this concept to a continuous 
version of Graph Neural Networks (GNNs) by replacing 
residual connections between convolutional layers with neural 
differential equations, effectively capturing spatial 
dependencies across multiple time series. Despite the significant 
success of NODEs in extending time series models, the hidden 
states of time series can only be modeled locally and 
continuously because NODEs take observations from a single 
time step as input. Inspired by rough path theory, Neural 
Controlled Differential Equations introduced a generalized 
modeling framework for neural differential equations by 
interpolating discrete observations into continuous control path 
equations. This approach enables the use of observations from 
all time steps as inputs[24]. Furthermore, researchers have 
proposed leveraging rough path theory to extend the 
construction of NCDEs, addressing long time series and 
providing new insights into forward propagation computations 
for these models. NCDEs have become a powerful tool for 
modeling irregular time series due to their advantages in 
memory efficiency and their ability to handle partially observed 
data. 

In recent years, Neural Controlled Differential Equations 
have achieved significant progress in traffic prediction literature. 
STG-NCDE was the first to combine Graph Neural Networks 
with controlled differential equations, overcoming the previous 
limitation of NCDEs in capturing long-range spatiotemporal 
dependencies. To address this issue, STCED proposed a holistic 
spatiotemporal continuous encoder-decoder based on NCDEs. 
However, these networks have not fully exploited the unique 
characteristics of traffic flow data and still rely solely on 
adaptive adjacency matrices. 

III. PRELIMINARIES 

This section introduces the spatial and temporal 
characteristics of traffic networks and signals, as well as the 
prediction problems to be addressed. It also provides an 
overview of the basic concepts of neural controlled differential 
equations. 

Definition 1. Traffic Network. A traffic network can be 
modeled as a directed weighted graph 𝐺 = (𝑉, 𝐸, 𝐴), where 𝑉 
and 𝐸 represent the set of nodes and edges, respectively, and 
|𝑉| = 𝑁  is the number of nodes. 𝐴 ∈ ℝ𝑁×𝑁  is the adjacency 
matrix of the graph, describing the relationships between nodes, 
typically determined by connectivity or distance to define edge 
weights. 

Definition 2. Temporal and Spatial Properties of Traffic 
Signals. Assuming there are 𝑁 nodes in the traffic network, and 
the sensors sample data 𝑁𝑑 times per day over seven days of the 
week, the spatial and temporal characteristics can be stored in 
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three independent trainable embedding matrices: 𝐸𝑎 ∈
ℝ𝑁×𝐷, 𝐸𝑑 ∈ ℝ𝑁 × 𝐷, 𝐸𝑤 ∈ ℝ𝑁 × 𝐷 , where 𝐷  represents the 
embedding dimension. 

Definition 3. Traffic Flow Prediction Problem. Given the 
traffic flow sequence 𝑋𝑡−𝑇+1:𝑡 from the previous 𝑇 time steps, 
the goal of traffic flow prediction is to infer the traffic flow for 

the next 𝑇′  time steps by training a parameterized model  𝑓 
with parameters 𝜃. This can be expressed as: 

[𝑋𝑡+1, … , 𝑋𝑡+𝑇′] = 𝑓([𝑋𝑡−𝑇+1, … , 𝑋𝑡], θ, 𝐺)           (1) 

where each time step 𝑋𝑖 ∈ ℝ𝑁×𝐹 , 𝑁 represents the number of 
spatial nodes, and 𝐹 is the dimension of input features. 

Definition 4. Neural Controlled Differential Equations. 
Neural controlled differential equations describe the evolution 

of the hidden state 𝑧𝑡 driven by the control signal 𝑋𝑠, which can 
be expressed as: 

𝑧𝑡 = 𝑧𝑡0
+ ∫ 𝑓θ(𝑧𝑠)

𝑡

𝑡0
 𝑑𝑋𝑠,  𝑡 ∈ (𝑡0, 𝑡𝑛]             (2)  

where 𝑧𝑡 represents the system's state at time 𝑡, and 𝑧𝑡0
 is the 

initial state of the system at time 𝑡0. The dynamic evolution is 
determined by the vector field 𝑓θ(𝑧𝑠), where 𝑓𝜃  is a function 
parameterized by 𝜃 , typically learned by a neural network, 
describing how the system state changes with the control signal. 
The changes in the control signal are captured by the differential 
term 𝑑𝑋𝑠 , where 𝑋𝑠  is the input time series, interpolated to 
construct a continuous trajectory. The time interval 𝑡 ∈ (𝑡0, 𝑡𝑛] 
represents the evolution process from the initial time𝑡0 to the 
end time 𝑡𝑛. 

 

Fig. 1. Framework of AG-NCDE model. 𝑿(𝒕) represents the continuous time signal generated by cubic spline interpolation of the input data. 𝑯(𝒕) denotes the state 

of ACDE at time 𝑡, which abstracts the dynamic features of the input driving signal 𝑋(𝑡). 𝒇(𝑯(𝒕), 𝜽𝒇) is the control vector field of ACDE, defining the evolution 

rules of 𝐻(𝑡). ACDE specifies how the current state 𝐻(𝑡) interacts with the variations of the driving signal 𝑋(𝑡) through the control vector field, determining the 

evolution path of the state. Similarly, 𝒁(𝒕) represents the state of GCDE at time 𝑡, with 𝐻(𝑡) serving as the input control signal for GCDE. 𝒈(𝒁(𝒕), 𝜽𝒈) is the 

control vector field of GCDE. 𝑻𝒊𝑫 and 𝑫𝒊𝑾 represent daily and weekly periodic information, respectively. 𝑬𝒅 , 𝑬𝒘 and  𝑬𝒂 represent the daily embedding, weekly 

embedding, and spatial embedding matrices, respectively. CDSTE refers to Continuous Dynamic Spatio-Temporal Embedding, whose output generates a dynamic 

graph 𝐴𝑡 based on node similarity. 

IV. PROPOSED FRAMEWORK 

The overall framework of AG-NCDE is depicted in Fig. 1. 
Detailed explanations of components are presented in the 
subsequent subsections. 

A. Attention Controlled Differential Equation 

The attention controlled differential equation first constructs 
a continuous time path 𝑋(𝑡)  using the natural cubic spline 
interpolation algorithm. This path is then input into the attention 
controlled differential equation as a control signal. This 
approach enhances the external attention mechanism[25], 
allowing it to model dependencies in time-series data within the 
framework of neural controlled differential equations. 

The specific formulation of the attention controlled 
differential equation is expressed as follows: 

𝐻(𝑇) = 𝐻(0) + ∫ 𝑓(𝐻(𝑡), 𝜃𝑓)𝑑𝑋(𝑡)
𝑇

0
                  (3) 

where 𝐻(𝑡) ∈ ℝ𝑁×𝐷ℎ represents the temporal modeling output 
of the nodes at time 𝑡 ∈ [0, 𝑇], where 𝐷ℎ  denotes the hidden 
layer dimension. The initial state 𝐻(0)  is derived from 
𝑋(0) through a fully connected layer, given by: 𝐻(0) =
𝐹𝐶ℎ(𝑋(0)). The external attention mechanism is incorporated 

into the controlled differential equation function 𝑓(𝐻(𝑡), 𝜃𝑓), 

defined as: 

𝑓(𝐻(𝑡), 𝜃𝑓) = σ(𝐻(𝑡)𝑀𝑘
𝑇)𝑀𝑉                      (4)  
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where 𝑀𝑘, 𝑀𝑣 ∈ ℝ𝑁×𝐹  are learnable parameters representing 
the keys and values of the external attention mechanism, 
respectively. These parameters serve as memory units for the 
entire training dataset. The attention scores 𝐴𝑡𝑡 = 𝐻(𝑡)𝑀𝑘

𝑇 are 
derived from the learned data priors and normalized using a 
function similar to self-attention, specifically 𝜎(x) =
sigmoid(x). The normalized attention scores 𝐴𝑡𝑡 are then used 
to update the input features from 𝑀𝑣. 

B. Continuous Dynamic Spatiotemporal Embedding 

AG-NCDE includes a continuous dynamic graph generation 
method to capture dynamic spatial dependencies in sensor data. 
This approach removes the reliance on predefined adjacency 
matrices, making it suitable for scenarios where prior knowledge 
is unavailable. The specific implementation is as follows: 

For traffic flow input, the continuous dynamic 
spatiotemporal embedding adds corresponding daily periodic 
information  𝑇𝑖𝐷 ∈ ℝ𝑁×𝑇×𝑁𝑑  and weekly periodic information  
𝐷𝑖𝑊 ∈ ℝ𝑁×𝑇×𝑁𝑤 to each timestamp. where 𝑁𝑑 = 288 
represents the number of sampling points in a day, and 𝑁𝑤 = 7 
represents the days of the week. Using the cubic spline 
interpolation method, continuous time paths for these periodic 
features are generated as 𝐷(𝑡) ∈ ℝ𝑁×𝑁𝑑 , 𝑊(𝑡) ∈ ℝ𝑁×𝑁𝑤 , 𝑡 ∈
[0, 𝑇] . Subsequently, daily embeddings 𝑃𝑑 ∈ ℝ𝑁𝑑 × 𝐷  and 
weekly embeddings 𝑃𝑤 ∈ ℝ𝑁𝑤 × 𝐷  at time 𝑡 are derived via the 
daily embedding layer 𝐸𝑑 ∈ ℝ𝑁 × 𝐷  and the weekly embedding 
layer 𝐸𝑤 ∈ ℝ𝑁 × 𝐷 , where 𝐷 denotes the embedding dimension. 

To better reflect these local variations in traffic flow 
prediction, the continuous dynamic spatiotemporal graph 
replaces the original fixed spatial distribution graph with 
adaptive embeddings 𝐸𝑎 ∈ ℝ𝑁×𝐷  , where 𝐷  denotes the 
embedding dimension. Additionally, to ensure the graph's 
dynamic nature, the traffic state at time 𝑡 is processed through a 
fully connected layer (MLP) to extract dynamic signals: 𝐹(𝑡) =
𝑀𝐿𝑃(𝑍(𝑡)) , where 𝐹(𝑡) ∈ ℝ𝑁×𝐷.  

Finally, these embeddings and dynamic signals are 
combined elementwise to produce the continuous dynamic 
spatiotemporal embedding 𝐸𝑑ℎ𝑠𝑡𝑒 ∈ 𝑅𝑁×𝐷 , calculated as: 

𝐸𝑑ℎ𝑠𝑡𝑒 = 𝐸𝑑 ⊙ 𝐸𝑤 ⊙ 𝐸𝑎 ⊙ 𝐹(𝑡)                    (5) 

Once the continuous dynamic spatiotemporal embedding is 
obtained, a graph can be generated based on node similarity. 
Dynamic spatiotemporal embeddings adapt in real time to the 
evolving patterns of traffic networks. By dynamically updating 
the adjacency matrix and embedding representations, the model 
integrates the periodic characteristics of traffic flow, enabling a 
more precise representation of spatiotemporal dependencies. 
The continuous time paths generated using cubic spline 
interpolation align seamlessly with neural controlled differential 
equations, which are designed to effectively process continuous-
time signals.   

C. Graph Controlled Differential Equation 

Graph Controlled Differential Equations  combines graph 
convolutional networks with neural controlled differential 
equations by integrating the spatial feature extraction 
capabilities of graph convolution into the controlled differential 

equation framework. This integration forms a model 
architecture capable of simultaneously capturing spatiotemporal 
dynamics. The model not only effectively models spatial 
dependencies in graph-structured data but also leverages the 
continuous-time dynamic modeling capabilities of neural 
controlled differential equations, enabling it to capture 
underlying trends and nonlinear characteristics in time series 
data. 

The mathematical formulation of GCDE is as follows: 

𝑍(𝑇) = 𝑍(0) + ∫ 𝑔(𝑍(𝑡), 𝜃𝑔)𝑑𝐻(𝑡)
𝑇

0
                (6) 

where 𝑍(𝑡) ∈ ℝ𝑁×𝐷𝑧 denotes the output of nodes processed by 
the neural controlled differential equation and graph convolution. 
Here, 𝐷𝑧 represents the hidden layer dimension, and the initial 
state 𝑍(0) is derived from 𝐻(0) via a fully connected layer. The 
key element in this formulation is the controlled differential 

equation (CDE) function 𝑔(𝑍(𝑡), 𝜃𝑔), parameterized by 𝜃𝑔  to 

perform spatial processing. The specific design of the CDE 
function with graph convolution is: 

𝑔(𝑍(𝑡), 𝜃𝑔) = (𝐼𝑁 + 𝐷𝑡

−
1

2𝐴𝑡𝐷𝑡

−
1

2) 𝑍(𝑡)𝑊𝑔 + bg        (7) 

where 𝐴𝑡 ∈ ℝ𝑁×𝑁 represents the dynamic graph at time step 𝑡. 

This graph is inferred from spatial dependencies via the 

continuous dynamic spatiotemporal embedding. Specifically, it 

is derived using cosine similarity and computed as 𝐴𝑡 =
𝑅𝑒𝐿𝑈(𝐸𝑑ℎ𝑠𝑡𝑒𝐸𝑑ℎ𝑠𝑡𝑒

𝑇 ) , where 𝐸𝑑ℎ𝑠𝑡𝑒𝐸𝑑ℎ𝑠𝑡𝑒
𝑇  represents the 

continuous dynamic spatiotemporal embedding. The degree 

matrix 𝐷𝑡  is used to compute the symmetric normalized 

dynamic adjacency matrix 𝐷𝑡

−
1

2𝐴𝑡𝐷𝑡

−
1

2, which preserves the 

structural information and enhances training stability through 

normalization. 𝐼𝑁 ∈ 𝑅𝑁×𝑁 is the identity matrix, which, when 

introduced after normalization, further improves numerical 

stability. Finally, 𝑊𝑔 and 𝑏𝑔 denote the weight matrix and bias 

vector, respectively, within the graph convolution operation. 

D. Output Layer 

After processing through the Graph Convolutional 

Controlled Differential Equation, the final output, 𝑌̂ , is 
computed from 𝑍(𝑇) using the following output layer: 

𝑌̂ = 𝑍(𝑇)𝑊o + 𝑏o                            (8) 

where 𝑊o ∈ ℝ𝐷𝑧×𝑙×𝐶  and 𝑏o ∈ ℝ𝑙×𝐶  denote the trainable 

weights and biases of the output layer, respectively. The 

parameter 𝑙 represents the prediction horizon (number of steps), 

while 𝐶 indicates the number of prediction features, which in 

this case is fixed to 1 (traffic flow). 
To ensure effective training of the network, the Mean 

Squared Error (MSE) loss function is adopted to optimize the 
model. This loss function is defined as follows: 

Loss =
1

𝑀⋅𝑁
∑ ∑ |𝑦(𝑖,𝑗) − 𝑦̂(𝑖,𝑗)|𝑁

𝑗=1
𝑀
𝑖=1                 (9) 

In the above equation, 𝑀  represents the total number of 
training samples, and 𝑁 denotes the number of nodes in each 
training sample. 
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V. EXPERIMENTS 

A. Datasets 

This study evaluates the proposed method on four 
representative spatiotemporal datasets: PEMS03, PEMS04, 
PEMS07, and PEMS08. These datasets were collected by the 
California Performance Measurement System (PEMS) from two 
regions in California. The time interval for all four datasets is 5 
minutes, resulting in 12 records per hour. Detailed information 
is provided in Table I. 

TABLE I. STATISTICS FOR PMSE DATASETS 

Datasets Nodes Time steps Time interval 

PEMS03 358 26,209 5min 

PEMS04 307 16,992 5min 

PEMS07 883 28,224 5min 

PEMS08 170 17,856 5min 

 

B. Experimental Settings 

All experiments in this study were conducted on a Windows 
PC equipped with a GeForce RTX 4060 TI GPU, using the 
PyTorch framework. For a fair comparison with baseline models, 
the datasets were split into training, validation, and testing sets 
in a 6:2:2 ratio. In all datasets, the traffic flow for the next hour 
was predicted based on observations from the previous hour, 
meaning 12 consecutive observations were used to forecast the 
next 12 time steps. 

Regarding model hyperparameters, the embedding 
dimension 𝐷 was set to 10, while the hidden layer dimensions 
𝐷ℎ for the Attention-controlled Differential Equation and 𝐷𝑧 for 
the Graph Convolutional Controlled Differential Equation were 
both set to 128. The Chebyshev polynomial order for graph 
convolution was set to 2. The model was trained using the Adam 
optimizer for up to 150 epochs, with a batch size of 64 per epoch 
and a learning rate of 0.001. Early stopping was employed 
during training, where the process was terminated if the 
validation loss did not decrease for 15 consecutive epochs. 

To effectively evaluate the proposed method and verify its 
superiority, three metrics were used: Mean Absolute Error 
(MAE), Mean Absolute Percentage Error (MAPE), and Root 
Mean Square Error (RMSE). These metrics reflect the 
differences between predicted and actual values, with lower 
values of MAE, MAPE, and RMSE indicating better 
performance of the prediction model. 

C. Forecasting Performance Comparison 

Here, the AG-NCDE model was evaluated and compared 
with 10 different baseline models (STGCN, ASTGCN, AGCRN, 
DSTAGNN [26], ST-AE [27], LSGCN [28], STGODE, SGP 

[29], GT-LSTM(p) [30] and ST-GCN [31]) on four PEMS 
datasets using three evaluation metrics: MAE, RMSE, and 
MAPE. The results are shown in Table II. 

It is not difficult to see that the AG-NCDE model proposed in 
this paper outperforms all baselines in all evaluation metrics. 
The main reasons for the significant advantages of the proposed 
method are as follows: (1) STGCN uses a pure convolutional 
structure to model multi-scale traffic networks, which obviously 
cannot effectively capture spatiotemporal correlations; (2) 
Spatiotemporal graph models such as ASTGCN and LSGCN are 
based on predefined static graphs, ignoring the spatiotemporal 
similarities between nodes, thus resulting in suboptimal 
performance; (3) The DSTAGNN model utilizes a data-driven 
strategy with a dynamic spatiotemporal perception graph to 
replace the predefined static graph. However, spatiotemporal 
graphs constructed based on prior knowledge may not align with 
the temporal patterns of traffic flow, leading to unsatisfactory 
performance; (4) AGCRN and STGODE use adaptive matrices 
to model spatial relationships, achieving performance 
improvements in traffic flow prediction, but there are still 
shortcomings. The results indicate that AG-NCDE, due to its 
reasonable structural design, can better integrate the 
spatiotemporal correlations of traffic networks. An important 
observation is that GT-LSTM(p), by introducing 
multidimensional spatiotemporal embeddings with periodic 
information, achieves performance second only to AG-NCDE, 
suggesting that incorporating continuous dynamic 
spatiotemporal embedding information can effectively enhance 
the performance of spatiotemporal models. 

To more effectively demonstrate the superiority of the 
proposed method, this paper randomly sampled the traffic flow 
changes of nodes over a day from the PEMS04 and PEMS08 
datasets. By comparing the predicted values of AG-NCDE and 
other baseline models with the actual values, the prediction 
accuracy of different models for the same traffic flow is 
illustrated, as shown in Figure 2. It can be observed that the 
proposed model demonstrates more accurate predictions for 
challenging cases and can adapt to the complex traffic change 
patterns of different nodes. This is precisely because the model 
used in this paper integrates multidimensional spatiotemporal 
information, enabling better modeling of the traffic patterns at 
each node. 

Furthermore, to more intuitively showcase the performance 
of the prediction models across different prediction time steps, 
this paper compares the error trends of some baseline models in 
Figure 3. Overall, as the prediction duration increases, the slope 
of the performance curve also increases, indicating that the 
prediction accuracy of each model decreases as the time span 
extends. The prediction error of the proposed AG-NCDE model 
is lower than that of all baseline models, and the error does not 
significantly increase with the extension of the prediction time. 
This is because the model leverages the periodic changes in 
traffic flow to further refine the prediction results. 

TABLE II COMPARISON OF PREDICTION ACCURACY OF DIFFERENT MODELS ON THE PEMS03, PEMS04, PEMS07, AND PEMS08 DATASETS. 

Models 
PEMS03 PEMS04 PEMS07 PEMS08 

MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%) 
STGCN 15.83 27.51 16.13 19.57 31.38 13.44 21.74 35.27 9.24 16.08 25.39 10.60 

ASTGCN 17.34 29.56 17.21 22.93 35.22 16.56 24.01 37.87 10.73 18.25 28.06 11.64 
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AGCRN 15.24 26.65 15.89 19.38 31.25 13.40 20.57 34.40 8.74 15.32 24.41 10.03 
DSTAGNN 15.57 27.21 15.68 19.30 31.46 12.70 21.42 34.51 9.01 15.67 24.77 9.94 

ST-AE 17.29 28.50 16.92 21.24 33.42 14.01 24.60 38.55 10.54 17.24 27.34 11.47 
LSGCN 17.94 29.85 16.98 21.53 33.86 13.18 27.31 41.46 11.98 17.73 26.76 11.20 

STGODE 16.50 27.84 16.69 20.84 32.82 13.77 22.59 37.54 10.14 16.81 25.97 10.62 
SGP 15.85 26.92 15.74 19.57 31.52 13.19 13.13 34.97 9.92 14.96 24.03 10.27 
GT-

LSTM(p) 
16.77 27.89 16.04 19.36 31.12 13.14 20.17 34.30 9.11 14.19 23.46 9.35 

ST-GCN 16.12 26.75 15.41 19.64 31.27 13.28 21.18 34.16 9.43 14.33 23.87 9.57 

AG-NCDE 15.23 26.60 14.93 18.84 30.68 12.65 19.64 32.82 8.51 13.91 23.14 9.06 

  

（1）node 64

 

in

 

PEMS04                                                                                      （2）node200

 

in PEMS04

 

  

（3）node 64 in PEMS04                                                                                      （4）node200 in PEMS04

 

Fig. 2. Traffic forecasting visualization.

 

 

Fig.
 
3. Comparison of indicators of different models on the PEMS04 dataset.
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D. Irregular Traffic Forecasting 

In real-world data, sensor malfunctions and network 
anomalies can lead to significant missing observations. To 
demonstrate the robustness of the model, this study further 
evaluated the performance of AG-NCDE under different 
missing data percentages (30% and 50%) and compared it with 
the STG-NCDE model. Since AG-NCDE employs a cubic 
spline interpolation method to handle discrete time series and 
leverages neural controlled differential equations for 
continuous-time modeling, the model can adapt to irregular data 
without needing modifications to the model itself. Additionally, 
AG-NCDE introduces periodic factors when generating 
continuous dynamic spatiotemporal embeddings, which can 
compensate for the temporal dependency loss caused by missing 
data. As shown in Table III, the model proposed in this study 
demonstrates significantly lower errors compared to the STG-
NCDE model under different missing data percentages, showing 
superior performance. 

TABLE III. PERFORMANCE OF THE MODEL WITH DIFFERENT MISSING 

VALUES ON THE PEMS04 DATASET 

Model 
STG-

NCDE 
AG-NCDE 

STG-

NCDE 
AG-NCDE 

Missing rate 30% 50% 

MAE 19.36 18.92 19.98 19.34 

RMSE 31.28 30.87 32.09 31.04 

MAPE(%) 12.79 12.75 13.48 13.26 

E. Ablation Study 

This section aims to demonstrate the effectiveness of the 
various modules of AG-NCDE through experiments. The 
experiments were conducted on the PEMS03 and PEMS08 
datasets, with similar results observed for other datasets. 
Specifically, three variants of the AG-NCDE model were 
designed: 

(1) w/o 𝑬𝒅𝒉𝒔𝒕𝒆 : The continuous dynamic spatiotemporal 

embedding module is removed, and only adaptive spatial 

embeddings are used to replace the generation of the 

spatiotemporal graph. 

(2) w/o GCN: The graph convolution module is removed, and 

the graph controlled differential equation network is replaced 

with fully connected layers. 

(3) w/o TA: The attention module is removed, and the external 

attention in the attention controlled differential equation is 

replaced with fully connected layers. 

TABLE IV. RESULTS OF ABLATION EXPERIMENT 

Dataset Model MAE RMSE MAPE(%) 

PEMS03 

w/o 𝐸𝑑ℎ𝑠𝑡𝑒 15.44 26.83 15.96 

w/o GCN 15.58 26.93 15.05 

w/o TA 15.34 26.87 15.13 

AG-NCDE 15.23 26.60 14.90 

Dataset Model MAE RMSE MAPE(%) 

PEMS08 

w/o 𝐸𝑑ℎ𝑠𝑡𝑒 14.33 23.64 9.48 

w/o GCN 13.27 23.67 9.46 

w/o TA 14.23 23.52 9.58 

AG-NCDE 14.19 23.46 9.35 

 

 

Fig. 4. Visualization of dynamic spatiotemporal embedding. 

The results in Table IV lead to the following conclusions: 
The continuous dynamic spatiotemporal embedding, by 
integrating multidimensional spatiotemporal features, 
effectively models complex traffic flow. Removing this module 
leads to a decrease in model performance, highlighting its 
importance in improving predictive capabilities. Graph 
convolution aggregates the features of neighboring nodes 
through an information propagation mechanism, enhancing the 
model's ability to capture spatial dependencies. Removing the 
graph convolution results in a decline in predictive performance, 
indicating its critical role in extracting spatial features. The 
attention module adaptively adjusts spatiotemporal weights, 
capturing dynamic traffic characteristics. Its removal weakens 
the model's prediction ability, indicating the indispensable role 
of the attention mechanism in modeling spatiotemporal 
characteristics. 

Finally, Fig. 4 shows the visualization of the proposed 
continuous dynamic spatiotemporal embedding, verifying its 
effectiveness. In this experiment, t-SNE was used to reduce the 
spatiotemporal embeddings to two dimensions for analysis. The 
embeddings of different nodes in the PEMS04 dataset naturally 
formed clusters. Nodes that are geographically close in the 
traffic network tend to exhibit similar traffic patterns, with the 
traffic condition of one node often influenced by that of 
neighboring nodes.  

Clearly, our clustering results confirm these characteristics. 
In summary, these three modules together form the core of the 
model. The complete combination of modules allows for a more 
comprehensive capture of the multidimensional spatiotemporal 
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features in traffic flow, significantly enhancing the model's 
prediction performance. 

F. Parameter Analysis 

In graph convolution models, the hyperparameter 𝐾 
typically represents the order of the convolution, i.e., the range 
of information propagation. The analysis of the impact of KK is 
shown in Table V: When 𝐾 =  1, only the features of direct 
neighbors can be aggregated, leading to a lack of the model's 
ability to perceive a broader graph structure, resulting in 
underperformance. However, when 𝐾 >  2 , excessive 
information propagation may lead to signal over-smoothing, 
which weakens the expression of local structures. Additionally, 
larger 𝐾  increases computational overhead and model 
complexity, which is unfavorable for practical applications. The 
experimental results indicate that when 𝐾 =  2 , the model 
achieves an optimal performance by balancing information 
richness and noise control. 

TABLE V. SENSITIVITY TO K IN PEMS07 

Dataset K MAE RMSE MAPE/% 

PEMS07 

1 19.83 32.90 8.66 

2 19.64 32.82 8.51 

3 19.79 32.78 8.84 

 

 

Fig. 5. Sensitivity to D in PeMS04 

On the other hand, Fig. 5 shows the results for different 
embedding dimensions 𝐷. The model performs optimally only 
when the embedding dimension 𝐷 is within a specific range. If 
the embedding dimension is too small, the model cannot 
effectively encode complex spatiotemporal information, 
limiting its feature representation capability. Conversely, if the 
embedding dimension is too large, it may introduce redundant 
features, increasing the risk of overfitting and model complexity. 
A reasonable embedding dimension 𝐷  ensures the sufficient 
encoding of key information while Keeping the model efficient 
and robust 
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