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Abstract 

The traffic flow in an urban area is affected by the date, weather, and regional traffic flow. The existing methods 

are weak to model the dynamic road network features, which results in inadequate long-term prediction per-

formance. To solve the problems regarding insufficient capacity for dynamic modeling of road network struc-

tures and insufficient mining of dynamic spatio-temporal features. In this study, we propose a novel traffic flow 

prediction framework called shared spatio-temporal attention convolution optimization network (SSTACON). 

The shared spatio-temporal attention convolution layer shares a spatio-temporal attention structure, that is 

designed to extract dynamic spatio-temporal features from historical traffic conditions. Subsequently, the graph 

optimization module is used to model the dynamic road network structure. The experimental evaluation 

conducted on two datasets shows that the proposed method outperforms state-of-the-art methods at all time 

intervals. 
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1. Introduction 

Chongqing’s traffic congestion ranks first during the rush-hour in China among the cities with more 

than four million cars introduced by the Amap and Baidu map. Traffic congestion may cause significant 

losses to cities. First, it increases residents’ travel costs and wastes significant time. Second, it harms the 

environment and causes air pollution phenomena, such as haze. Third, traffic congestion may cause 

accidents and threaten people's lives. Accurate traffic flow prediction can help the government deal with 

these issues and distribute the traffic flow to alternative roads before traffic jams occur, which is crucial 

for urban development and human safety. 

Traditional statistical methods have a limited ability to capture spatio-temporal correlations. For 

example, the historical average (HA) and autoregressive integrated moving average (ARIMA) models 

need to satisfy the stationarity hypothesis of each time series; however, they cannot function with random 

events. Recent research has proposed modeling spatial correlation with convolutional neural networks 

(CNN) and capturing temporal correlation with a recurrent neural network (RNN). In addition, some 

studies combined CNNs and RNNs to simulate spatio-temporal correlation and achieved satisfactory 
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performance. However, such methods have two limitations. First, they cannot deal with graph structures 

effectively. Second, they cannot model the dynamic spatial and temporal dependencies. The attention 

mechanism is efficient and flexible [1], which has achieved good performance in the natural language 

processing (NLP) field. In this study, we propose a layered shared spatio-temporal attention module to 

model the dynamic spatio-temporal dependency. Furthermore, we propose an optimization module that 

uses the optimized node embedding to learn and optimize the graph structures. Finally, we evaluate the 

proposed method against eight state-of-the-art methods on two real-world datasets. 

The main contributions of this paper are summarized as follows: 

 We propose a novel network framework for traffic flow prediction that captures the dynamic spatio-

temporal dependence using a layered shared spatio-temporal attention convolution block. 

 An optimized node embedding learning optimization graph is proposed to learn the graph structure, 

even if there is no predefined graph structure. 

 The experimental results indicate that the proposed model performs better than existing methods, 

particularly in terms of long-term prediction performance. 

 

 

2. Related Work 

A deep neural network obtains the nonlinear modeling ability of data using the activation function, 

which is in accordance with traffic data characteristics. Recent studies have proposed to use graph 

convolution neural network (GCN) for traffic prediction, which outperform the traditional CNN/RNN-

based methods. In the graph-based method, the nodes represent road segments that contain traffic 

information. An adjacency matrix is used to represent the connectivity between nodes. The following 

graph-based methods have achieved promising results. An attention-based spatial-temporal graph 

convolutional network (ASTGCN) divides the data into hours, days, and weeks to capture multi-scale 

features [2]. Diffusion convolutional recurrent neural network (DCRNN) use an encoder-decoder 

structure combined with a bidirectional static graph [3]. A graph multi-attention network (GMAN) 

proposes a self-attention mechanism and predefined graphs [4]. The fully connected gated graph 

architecture (FC-GAGA) passes the static graph through a residual full connection layer without using 

the dynamic attributes between nodes [5]. Graph WaveNet proposes an adaptive matrix for learning 

graphs with a significant improvement [6]. A multivariate time series graph neural network (MTGNN) 

proposes a graph learning layer to learn dynamic graphs for GCN [7]. A dynamic graph convolutional 

recurrent network (DGCRN) uses an encoder to learn the dynamic graph of each time step and curriculum 

learning strategy to train the model [8]. A novel neural controlled differential equation (STG-NCDE) is 

proposed for sequential data [9]. Towards physics-guided neural network (STDEN) assumes that the 

traffic flow on the road network is driven by a potential energy field [10]. Accordingly, the spatio-

temporal dynamic process of the potential energy field is modeled as a differential equation network. 

However, these methods cannot integrate static and dynamic graphs to capture additional features. 

 

 

3. Methodology of SSTACON 

All road segments in an urban road network can be regarded as one graph. Specifically, let graph � =

(�,�,�). Here, � denotes a set of nodes representing different road segments and � denotes the set of 
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edges that indicate that the two road segments are reachable. � ∈ ��×�denotes the weighted adjacency, 

where �  represents the number of nodes in � . Subsequently, the value of the adjacency matrix is 

calculated using the distance between road segments. Each node �� contains a series of observation values 

[���, ���, . . . , ���], ��� ∈ ��, where 	 is the number of features, such as time in days and speed. 
 is the 

sequence length. The graph signal composed of all nodes at time step � is denoted as �� ∈ ��×�. Thus, 

the objective is to predict the series of future values � = [�	
�, �	
�, . . . ,�	
�] based on the observed 

values of all nodes up to time �  which can be denoted as � = [��, ��, . . . , �	]. We need to learn a 

nonlinear function � to map � and � to � , which is represented as: 

 

�(�,�) → �  (1) 
 

The structure of SSTACON is illustrated in Fig. 1, which consists of L shared spatio-temporal attention 

convolution (SSTAC) layers with B shared spatio-temporal attention convolution blocks and an 

optimization graph module in each layer. The SSTAC layer uses the optimized adjacency matrix and 

historical traffic data as inputs. There is a residual connection between each layer, and each SSTAC block 

has graph convolution layers and time dilation convolution layers. All blocks in each layer share the same 

spatial and temporal attention so that each layer can learn different spatio-temporal dependency patterns. 

The adjacency matrix learned by the graph optimization module is used as the input of the GCN. The key 

idea of the graph optimization module is to use better node embedding to obtain a better graph structure. 

The optimized graph module follows the settings reported in existing research [11]. To obtain good initial 

node embedding, we used the Nodevec algorithm to extract the embedded features. Nodevec is a network 

learning algorithm that aggregates the information of node neighborhoods in the network through depth-

first and breadth-first search approaches, which are very consistent with the state of road traffic. When 

optimizing the graph, a cosine similarity mechanism is used to learn the correlation between nodes. 

 

 
Fig. 1. Architecture of SSTACON. 

 

3.1 Shared Spatio-temporal Attention Convolution Block 

As shown in Fig. 2, each SSTAC block has the same structure, including the optimized GCN, time 

dilation convolution, shared temporal attention and shared spatial attention. ����� denotes the input of 
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the block � in the layer �. After the time dilation convolution, the time dimension is not equal to the input 

time dimension. Therefore, the full connection layer is used to modify the dimension. We express the 

output of shared spatial attention as ����� ∈ ��×�×� and output of shared temporal attention as ����� ∈

��×�×�. Then, the hidden state is merged and passed through the full connection layer of two different 

output dimensions. The input of the next block is denoted as ���, and part of the final output is denoted 

as ���. To avoid model overfitting during the training process, we randomly selected some nodes with 

a probability of 0.4. 

 

 

Fig. 2. Shared spatio-temporal attention convolution (SSTAC) block. 

 

3.1.1 Optimized GCN 

A GCN is a type of graph neural network that can aggregate the neighborhood information of a node. 

The formula is stated as follows: 

 

��(�)� = ���
�(��)�
���

���

 (2) 

 

where �� ∈ ����×���  is a learnable parameter, ℎ��  is the hidden layer dimension, and 
�(��)  is a 

Chebyshev polynomial of order �. The topological structure of road networks is highly dynamic. The 

traffic condition of a road is influenced by its connected road segments. Therefore, instead of using the 

original definition of the scaled Laplacian matrix, �� ∈ ��×�  is used, which is an optimized graph 

adjacency matrix. The optimization graph module is described in detail in Section 3.2. 

 

3.1.2 Time dilation convolution & shared attention 

Time dilation convolution (TDC). TDC uses four two-dimensional convolutions to extract the time 

features of different scales. When the dilation factor increases, it fills the time dimension of the data and 

increases the length of the sequence, which results in a large amount of noise data entering the network 

during training and reduces model performance. Thus, we limit the dilation factor to 1 and 2. We define 

the value of the dilation factor as the number of layers mod 2. Shared attention consists of shared spatial 

attention and shared temporal attention. 

Shared spatial attention. The traffic conditions of road segments are influenced by the traffic 

conditions of other road segments, which denotes a mutual influence. To model dynamic global spatial 

features, we designed shared spatial attention to adaptively extract the correlation between road networks. 

To increase stability, we used a multi-head approach, which is formulated is as follows: 

 

ℎ�
 = ���(�����) + 
	�(�����)

����� = ���(� ���(�ℎ�
 + ��))

(3) 
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where ℎ�
 ∈ �	×�×��� represents the sum of the output of GCN and TDC and � ��� operation divides the 

input into multiple matrices for parallel calculation. ! ∈ ����×��� ,  " ∈ ����×��� ,  � ∈ ����×���  and 

�� ∈ ����, �� ∈ ����, �� ∈ ����, denote the parameters that can be learned. ��� operation concatenates 

multiple matrices into a certain dimension. Then, we use #��$% = ���(� ���(!ℎ�
 + ��)) and ��% =

���(� ���("ℎ�
 + ��)) to calculate the attention score as follows: 

 

��&$� = '&��(�)((��(��(#��$%, ��%�)/√�)

����� = (��(��(��&$�, �����)
 (4) 

 

Specifically, the correlation between vertex �� and vertex �� is described in detail as follows: 

 

��&$�(�� , ��)′ =
#��$%�����%���

√� , ��&$�(�� , ��) =
�) (��&$�(�� , ��)′)

∑ �) (��&$�(�� , ��)′)�
���

 (5) 

 

where  represents the vector inner product operation and � = ℎ��/ℎ����. In this study, we set ℎ��� = 

8. Specifically, each layer has different Q, K, and V values. The intermediate state outputs of all the 

SSTAC blocks in each layer pass through the same shared spatial and shared temporal attention, as 

denoted by the dotted line in Fig. 2. 

Shared temporal attention. The structures of shared temporal and shared spatial attention are the 

same. However, the main difference is that, when calculating attention, here the temporal axis is used 

instead of the spatial axis. 

 

3.2 Optimization Graph Module 

The optimization graph module adaptively learns the optimized graph adjacency matrix in a data-driven 

manner, which can effectively capture the dynamic spatial characteristics of the road network. The core 

idea is to optimize the adjacency matrix of the graph using optimized node feature vectors. In this study, 

we encapsulate the node feature vectors as network parameters so that the node feature vectors are trained 

and updated together with other network parameters. Then, we use the weighted cosine similarity to 

calculate the similarity between nodes as follows: 
 

��,�� = �&�'�(���$��%(,� ⊙ ���� ,,� ⊙ ����), ��,� =
1

(���,��
�

���

 (6) 

 

where ,� ∈ ����  is a weighted parameter vector that can be learned, ���� , ���� ∈ ����  represents a 

feature vector of nodes, ⊙ is the Hadamard product, and �&�'�(���$��% calculates cosine similarity of 

the two vectors. ��,��  represents the pth similarity vector. Specifically, we use ( weight parameter vectors 

to calculate ( independent similarity vectors, use their average as the final similarity, and obtain a 

similarity matrix ��,� ∈ ��×�. 

We adopt the Nodevec algorithm on the predefined adjacency matrix to obtain a good initial node 

feature. p in Nodevec is set to 1 and q is set to 2. Fig. 1 shows that the similarity matrix is input into a 

double-gated aggregation mechanism that controls how much of the learned graph structure can be 

updated to the current graph. Therefore, the state of part of the original graph structure can be retained, 

and deep hidden relationships can be learned based on the following formula: 
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�� =
��,�

∑ ��,��
, �� = -(.� + (1 − .)��) + (1 − -)�(�) (7) 

 

where �� is obtained by line normalization of the similarity matrix, � is a predefined graph, and �(�) is 

calculated by cosine similarity and normalization when the model is initialized. .  and -  are hyper 

parameters that control the proportion of the currently optimized graph structure in the graph adjacency 

matrix. 

The embedded features of the nodes are updated along during the back-propagation process. The 

obtained optimized node features are used to calculate an optimized graph suitable for the next traffic 

flow forecast in the optimized graph module through weighted cosine similarity and double-gated 

aggregation. This process continues with model training and keeps learning appropriate graphs that align 

with the dynamic traffic flow in reality. 

 

 

4. Experiments 

We evaluate the proposed method using eight state-of-the-art methods on two public datasets, namely, 

METR-LA and PEMS-BAY. The detailed experimental setup is as follows. There are three SSTAC 

layers with four blocks in each layer. Each block has two outputs: the hidden size of ��� is 32, and 

hidden state size of ��� is 64. The order of the optimized GCN is set to 2. The values of . and - are both 

0.9, and the number of weighted parameter vectors ( = 8. The initial learning rate is 0.001, which is 

reduced to one-tenth of the current learning rate every 10 epochs. The number of training epochs is 100. 

The batch sizes for the PEMS-BAY and METR-LA datasets are set as 16. We use MAE as the loss 

function of our model and AdamW optimizer for training. The proposed model is implemented using 

PyTorch 1.4.0 on a server with a 32-G memory NVIDIA Telsa V100. We repeated the experiment five 

times and reported the average values of the evaluation metrics. The early stopping is set to 20 epochs. 

 

4.1 Experiment Evaluation 

Table 1 shows the traffic forecasting results for different methods of 15, 30, and 60 minutes. SSTACON 

achieves state-of-the-art performance in all datasets and time intervals. DCRNN [3] uses a distance-based 

graph that is time-invariant and inconsistent with the reality of the peak period. GMAN [4] entirely 

depends on static graphs, which ignore the dynamic properties of road networks. MTGNN [7] and Graph 

WaveNet benefit from the adaptive graph, but their adaptive graphs remain static and cannot capture the 

dynamic spatial dependence. FC-GAGA [5] does not use road network topology information. Therefore, 

its performance is inferior to those of other graph-based methods. It is difficult to model the long-term 

dependence of DGCRN [8] because it uses an encoder-decoder system. PM-MemNet [10] assumes that 

the traffic flow is driven by a potential energy field, but this assumption is inconsistent with the actual 

situation. Owing to the limited representation ability of the model, the ASTGCN [2] does not perform 

well on the two datasets. Our method uses shared attention to learn the global dependency between roads 

and uses a double-gated mechanism to combine static and dynamic graphs. However, the proposed 

SSTACON method requires considerable training time. It requires 4.5, 9.2, 2, and 1.5 times of the training 

time required by GMAN, MTGNN, DGCRN, and DCRNN, respectively, on the PEMS dataset, while 

requiring more GPU memory. 
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Table 1. Performance of different baselines on METR-LA and PEMS- BAY datasets 

Model 

METR / PEMS 

15 min 30 min 60 min 

MAE RMSE
MAPE 

(%) 
MAE RMSE

MAPE 

(%) 
MAE RMSE 

MAPE  

(%) 

DCRNN 2.77/1.38 5.38/2.95 7.30/2.90 3.15/1.74 6.45/3.97 8.80/3.90 3.60/2.07 7.60/4.74 10.50/4.90 

WaveNet  2.69/1.30 5.15/2.74 6.90/2.73 3.07/1.63 6.22/3.70 8.37/3.67 3.53/1.95 7.37/4.52 10.01/4.63 

ASTGCN 4.86/1.52 9.27/3.13 9.21/3.22 5.43/2.01 10.61/4.27 10.1/4.48 6.51/2.6112.52/5.42 11.64/6.00 

GMAN 2.80/1.34 5.55/2.91 7.41/2.86 3.12/1.63 6.49/3.76 8.73/3.68 3.44/1.86 7.35/4.32 10.07/4.37 

MTGNN 2.69/1.32 5.18/2.79 6.86/2.77 3.05/1.65 6.17/3.74 8.19/3.69 3.49/1.94 7.23/4.49 9.87/4.53 

FC-GAGA 2.70/1.33 5.24/2.82 7.01/2.82 3.04/1.66 6.19/3.75 8.31/3.71 3.45/1.93 7.19/4.40 9.88/4.48 

DGCRN 2.62/1.28 5.01/2.69 6.63/2.66 2.99/1.59 6.05/3.63 8.02/3.55 3.44/1.89 7.19/4.42 9.73/4.43 

PM-MemNet 2.66/- 5.28/- 7.06/- 3.02/- 6.28/- 8.49/- 3.40/- 7.24/- 9.88/- 

SSTACON 2.49/1.20 4.45/2.21 6.55/2.58 2.83/1.46 5.19/2.81 7.75/3.24 3.30/1.80 6.11/3.50 9.49/4.22 

The best values are shown in bold. 

RMSE=root mean square error. 

 

4.2 Ablation Analysis 

We conduct an ablation study to verify the effectiveness of each component of the proposed model. No 

optimized GCN denotes removing the optimized GCN; No TDC denotes removing the time dilation 

convolution component and using only spatial model correlation; No shared att denotes removing the 

shared attention in the shared spatio-temporal attention convolution layer; and No OGM denotes 

removing the optimization graph module and using a predefined graph for GCN. 

As shown in Table 2, the optimized GCN module can effectively improve the performance because it 

generates a graph adjacency matrix suitable for the current situation based on dynamic topology 

information and part of the original topology information. Accordingly, it can better describe the real-

time changes in the road network. Modeling the time dependence can significantly improve the prediction 

performance because it can capture the temporal dependence between road segments. The proposed 

shared attention effectively captures the global dependence on road segments. The optimization graph 

module significantly affects the mean absolute error (MAE) and mean absolute percentage error (MAPE) 

because it can learn the dynamic graph while retaining the original road topology information. In 

summary, the shared attention collaboration with the optimization graph module can capture dynamic 

spatio-temporal correlations and obtain better performance. 

 

Table 2. Ablation analysis on METR-LA and PEMS-BAY datasets 

Model 

 METR / PEMS  

15 min 30 min 60 min 

MAE RMSE
MAPE 

(%) 
MAE RMSE

MAPE 

(%) 
MAE RMSE 

MAPE 

(%) 

No optim GCN 2.63/1.29 4.64/2.29 6.84/2.86 3.00/1.55 5.43/2.89 8.10/3.52 3.53/1.90 6.44/3.61 10.01/4.52 

No TDC 2.61/1.32 4.57/2.37 7.39/3.07 2.94/1.56 5.28/2.92 8.54/3.68 3.43/1.89 6.22/3.58 10.28/4.59 

No shared att 2.50/1.22 4.46/2.24 6.61/2.67 2.84/1.48 5.20/2.85 7.82/3.34 3.32/1.83 6.14/3.58 9.56/4.35 

No OGM 2.51/1.22 4.45/2.23 6.73/2.70 2.84/1.47 5.17/2.81 7.91/3.34 3.31/1.80 6.08/3.49 9.62/4.28 

SSTACON 2.49/1.20 4.45/2.21 6.55/2.58 2.83/1.46 5.19/2.81 7.75/3.24 3.30/1.80 6.11/3.50 9.49/4.22 

The best values are shown in bold. 

RMSE=root mean square error. 
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5. Conclusion 

In this study, we proposed a novel traffic flow prediction method that uses weighted cosine similarity 

to calculate the similarity matrix between nodes and a double-gated aggregation mechanism to aggregate 

the proportion of the initial and currently learned graphs. In addition, we propose using shared attention 

to simulate the complex spatio-temporal correlation of traffic flow. Different convolution kernels are 

used in the time dilation convolution, which can capture the time correlation of different scales. 

Experimental evaluations conducted on two real-world datasets demonstrate that SSTACON outperforms 

state-of-the-art methods in both long- and short-term forecasting. In the future, dynamically adjusting the 

fusion ratio of the optimized graph and reducing the training time will be important. 
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