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An improved transformer based
traffic flow prediction model

Shipeng Liu & Xingjian Wang™*

Traffic flow prediction is a key challenge in intelligent transportation, and the ability to accurately
forecast future traffic flow directly affects the efficiency of urban transportation systems. However,
existing deep learning-based prediction models suffer from the following issues: First, CNN- or RNN-
based models are limited by their architecture and unsuitable for modeling long-term sequences.
Second, most Transformer-based methods focus solely on the traffic flow data itself during embedding,
neglecting the implicit information behind the traffic data. This implicit information includes behavioral
trends, community and surrounding traffic patterns, urban weather, semantic information, and
temporal periodicity. Third, methods using the original multi-head self-attention mechanism calculate
attention scores point by point in the temporal dimension without utilizing contextual information,
which to some extent leads to less accurate attention computation. Fourth, existing methods

struggle to capture long and short-range spatial dependencies simultaneously. To address these

four issues, we propose an IEEAFormer technique (Implicit-information Embedding and Enhanced
Spatial-Temporal Multi-Head Attention Transformer). First, it adopts a Transformer architecture and
incorporates an embedding layer to capture implicit information in the input. Secondly, the method
replaces the traditional multi-head self-attention with time-environment-aware self-attention in the
temporal dimension, enabling each node to perceive the contextual environment. Additionally, the
technique uses two unique graph mask matrices in the spatial dimension. It employs a novel parallel
spatial self-attention architecture to capture both long-range and short-range dependencies in the
data simultaneously. The results verified on four real-world traffic datasets show that the proposed
IEEAFormer outperforms most existing models regarding prediction performance.
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In recent years, many countries have focused on developing Intelligent Transportation Systems (ITS) to build
smart cities. Traffic flow prediction, as an essential component of ITS, plays a vital role in optimizing traffic
resource management. Due to its immense practical value, significant efforts have been made in the past few
years to achieve accurate and long-term traffic forecasting. One of the key challenges in traffic flow prediction lies
in effectively modeling traffic data in both the temporal and spatial dimensions. Despite certain advancements in
existing traffic flow prediction methods, several issues remain to be addressed.

Early researchers attempted to model long sequence data using Convolutional Neural Networks ( to process
gridded data and capture spatial dependencies. CNNs) and Recurrent Neural Networks (were commonly used
to capture temporal dependencies RNNs). However, RNNs suffer from the vanishing gradient problem in long
sequence tasks! , and CNNs, which apply a sliding window mechanism to convolve sequence data, are limited by
their restricted receptive field, reducing their ability to model long-range dependencies effectively? . Temporal
Convolutional Networks (TCNs)?, a specialized form of 1D CNN, attempted to enhance long-term dependency
capture by employing dilated convolutions in combination with stacked convolutional layers* . However, this
approach requires information to pass through multiple layers to establish effective connections between
any two points in the sequence. This process may weaken the model’s ability to capture and learn long-range
dependencies.

Furthermore, most Transformer-based methods primarily focus on the data representation itself° , neglecting
the potentially valuable underlying information . This implicit information not only reveals the complex
relationships between traffic flows but also more deeply reflects dynamic features such as behavioral trends,
traffic periodicity, and traffic patterns both within and outside the region. Traditional approaches often tend to
develop complex and large-scale models® . While some progress has been made, the complexity of these models
frequently leads to a decline in performance.
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Third, most self-attention-based methods”® calculate the attention between query and key on a point-by-
point basis in the temporal dimension, without accounting for the inherent local contextual information present
in sequential data. To illustrate, consider a scenario where a traffic accident occurs at time A at a certain point,
causing the traffic flow to come to a near halt, with the traffic volume dropping to an extremely low level due to
most vehicles being blocked at that point. At this time, the traffic volume at point A happens to be numerically
similar to the traffic volume at point B, which corresponds to midnight when there is minimal traffic. In this case,
traditional multi-head self-attention would mistakenly match time A and time B, assuming they share a higher
similarity simply because their values are similar, when in fact, there is almost no connection between these two-
time points. Therefore, applying traditional multi-head self-attention to the temporal dimension of traffic flow
sequences may lead to unreasonable matching.

Finally, different locations within a city may exhibit similar traffic flow patterns, implying that spatial
dependencies can be both long-range and short-range. Widely used Graph Neural Network (GNN) methods’
are limited by their architecture and tend to be over-smooth when capturing long-range dependencies. On the
other hand, methods based on multi-head self-attention” compute the similarity between all points in the spatial
dimension, which significantly increases computational complexity.

To address the above-mentioned issues , this paper proposes a Transformer model that incorporates
implicit information embedding and improves the spatial-temporal multi-head attention mechanism, referred
to as IEEAFormer (Implicit-information Embedding and Enhanced Spatial-Temporal Multi-Head Attention
Transformer). Compared to CNN- or RNN-based methods, the Transformer architecture effectively mitigates
the vanishing gradient problem and is naturally suited for modeling long sequences. Additionally, IEEAFormer
allows for the embedding of implicit information across multiple dimensions. It also employs a time-aware
self-attention mechanism, which, while maintaining a global receptive field, emphasizes the inherent contextual
information in sequential data. Furthermore, a parallel spatial self-attention mechanism based on long- and
short-range masking is utilized to capture spatial information in traffic data. In summary, the contributions of
this paper are as follows:

(1) This paper proposes the IEEAFormer model, which is based on a spatial-temporal attention mechanism
and effectively captures the spatial-temporal relationships to achieve accurate traffic flow prediction.

(2) This paper introduces an embedding layer into the input data that captures implicit information, enabling
the model to learn knowledge across multiple dimensions. This is a simple yet highly effective representa-
tion technique, often overlooked, but has proven its powerful potential in various fields, allowing the latent
features of traffic flow data to be more comprehensively captured and expressed.

(3) In the spatial-temporal Transformer encoder, a time-aware self-attention mechanism is used to replace
the traditional multi-head self-attention, enabling the model to learn more accurate node-level contextual
information. Additionally, a unique long-range and short-range masking method is employed, combined
with parallel spatial attention, to separately model long-range and short-range spatial information.

(4) We tested IEEAFormer on four real-world datasets. The model performed exceptionally well, demonstrat-
ing its unique advantages in traffic flow prediction.

Problem definition
In this section, we introduce the traffic flow prediction problem and the symbols used in IEEAFormer:

Definition 1 Road Network: We use the graph G ={ v, €,A }to represent the road network. Here,
v = {v1 ... vn} represents the set of nodes, with n being the number of nodes in the road network, ¢ C v X v
represents the edges connecting the nodes, and A is the adjacency matrix of the graph.

Definition 2 Traffic Flow Tensor: The traffic flow tensor is represented by X € RT*¥ X7, where T denotes T
time steps, N denotes the number of nodes in the road graph, and j is the dimension of the input features. In this
problem, the value of j is 1, representing the traffic flow.

Definition 3 Traffic Flow Prediction: Traffic flow prediction aims to predict the traffic flow in future time inter-
vals based on the traffic flow from a past period. Assuming we have trained an IEEAFormer, this problem can
be formulated as

IEEAFormer
— s

{Xy... X7} (Xr41... Xp} 1)

where T represents the time steps.

Methods

Our model diagram, as shown in Figure 1, includes an embedding layer, a Temporal-Spatial Transformer encoder
layer, and a regression layer. As depicted in the figure, we will introduce each module step by step.

Embedding layer

The embedding layer includes implicit information embedding of traffic data and graph Laplacian embedding of
the road network structure. Specifically, implicit information embedding first involves feature embedding, which
transforms the raw data into a high-dimensional representation. This converts the raw input £ € RT >N
to Bg € RT*N*4 where d is the dimension of the feature embedding. Considering that traffic flow data
exhibits significant periodicity within days and weeks, such as rush hours and differences between weekdays
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Figure 1. IEEAFormer.
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Figure 2. Difference between day-data and week-data.

and weekends, we introduce periodic time embeddings. These embeddings include daily time embeddings
and weekly time embeddings to capture traffic variation patterns across different periods. We implement two
transformation functions, tod(t) and dow(t), which convert time ¢ into a week index (1 to 7) and a minute
index (1 to 1440). These are then transformed into day-of-week embeddings and timestamp embeddings. After
broadcasting and concatenation, they are finally converted into periodic time embeddings Er € R™*™*T, where
fis the dimension of the periodic time embeddings.

As shown in Fig. 2, this is a comparison between the traffic flow data recorded by a detector over one day
and one week. The larger the fluctuation, the greater the difference between the two datasets. It is evident that
simply using feature embedding and time-periodic embedding is insufficient for accurately modeling traffic flow
over time. Similarly, Fig. 3 shows the significant differences in traffic flow data recorded by different detectors
within a single day. This is because, in real-world road traffic, congestion often occurs for various reasons and
is transitive-i.e., congestion at one point can affect surrounding points. Furthermore, because of the different
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Figure 3. Difference between points.

geographical locations of the sensors, such as those at intersections, which typically capture more information
than sensors located on one-way streets, the traffic patterns captured by the sensors may vary.

This spatial-temporal semantic information also needs to be modeled in a targeted manner. Therefore , we use
the Xavier initialization method to design an embeddingFs € RT*~**to uniformly capture this information
, where s represents the dimension of the semantic information. The semantic information embedding can be
shared across each time sequence.

Finally, we concatenate the feature embedding, time embedding, and implicit semantic information
embedding mentioned above to obtain the output of the implicit information embedding of traffic data in the
embedding layer E; € RT*N*i

E; = E4||Ey||Es )

wherei =d + f + s.
For the graph Laplacian embedding of the road network structure, we first obtain the normalized Laplacian
matrix by

A=1-DY2AD" /2 3)

where A is the adjacency matrix, D is the degree matrix, and I is the identity matrix. Then, we perform eigenvalue
decomposition A = U " AU to obtain the eigenvalue matrix A and the eigenvector matrix U. We then linearly
project the k smallest non-trivial eigenvectors to generate the spatial graph Laplacian embedding X o, € R *!
, where | is the dimension of the Laplacian embedding. The Laplacian eigenvectors embed the graph into
Euclidean space, preserving the global graph structure information. This representation is more precise than the
traditional adjacency matrix and better reflects the distances between nodes in the road network.

Temporal-spatial transformer encoder layer

This paper proposes targeted improvements to the attention mechanism of the original Transformer encoder
layer, designing a Temporal-Spatial Transformer encoder layer to capture traffic relationships in both temporal
and spatial dimensions.

Temporal-environment-aware self attention
In the temporal dimension, this study introduces a Temporal-Environment-Aware self-attention mechanism
in place of the traditional multi-head self-attention. Traditional multi-head self-attention relies solely on node
values to determine relevance. However, in traffic scenarios, road points exhibit interdependence, with impacts
spreading to neighboring nodes, indicating local temporal context interactions. Furthermore, distant points in
time, despite having numerically similar flow data, often show weak correlations. The traditional mechanism
disregards local temporal interactions and mistakenly matches numerically similar but temporally distant points,
resulting in erroneous sequence representations and unrealistic matching issues that adversely affect predictions.
To mitigate these challenges, this study proposes a Temporal-Environment- Aware self-attention mechanism.
This approach incorporates convolution operations to capture local temporal context, enabling the model to
discern contextual information. Linear projections of Q and K are replaced with 1D convolutions, facilitating the
detection of local trends in traffic flow data and accurate matching of similar traffic flow points. This mechanism
enhances sequence representation accuracy and improves prediction performance. Formally, the temporal
context-aware multi-head self-attention mechanism is defined as follows:

TEAselfAttention(Q*®, K*), V(*®)) = ¢(TEAhead]1, ..., TEAheadh)W (4)
TEAheadj = Attention(®;° x Q®, @ x K vty (5)
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where x denotes the convolution operation, and fIDJQ and <I>]K denote the parameters of the convolution kernels.

Given the input X € RT*XN*d where T is the number of time steps, N is the number of nodes, and d is the
dimension of the input features. First, two 1D causal convolution layers with a kernel size of 1k extract the
contextual representation of each time step, generating Q and K for the attention mechanism. V is generated
through a 1*1 convolution layer. The 1D causal convolution ensures that each time step can only attend to
information from previous time steps, and padding operations maintain the output shape consistent with
the input shape. This allows the contextual information to be shared among different nodes. Here, the time-
environment information is computed and adjusted in real time based on the current input data. That is, the
model flexibly captures the temporal environment trends by dynamically responding to data variations at each
time step. In contrast, traditional models based on RNNs and CNNs assume that the relationships between time
steps are fixed, meaning that the influence of each time step remains constant and is not adjusted according to
changes in the input data. Therefore, compared to CNN or RNN-based methods, our module can flexibly adapt
to actual input changes and capture varying temporal trends and patterns. Then, we calculate the self-attention
scores:

Qte) KT
Vdp

A = Softmaz (6)

Here, A" € R¥*T*T learns the temporal context information among different spatial nodes. Finally, we
obtain the output of this module X (*¢) ¢ RV*7>m;

X(te) _ A(te)v(te). (7)

After applying the temporal-environment-aware self-attention mechanism, as shown in Fig. 4, the model
correctly learns the relationships between different times (points B and C), matching the correct time points.
The data, after passing through this attention mechanism, can be considered to have integrated contextual
information along the temporal axis.

Spatial transformer encoder

After obtaining the output from the time-environment-aware self-attention mechanism, this paper adds the
spatial embedding vector to the output, which serves as the input to the spatial Transformer encoder. The encoder
consists of two self-attention modules: short-range spatial self-attention and long-range spatial self-attention. In
traditional attention-based traffic flow prediction models, the standard self-attention mechanism connects each
node to all other nodes, essentially treating the road network as a fully connected graph. However, in reality, the
relationships between nodes are complex and varied. Some nodes are only closely related to their neighboring
locations, while nodes that are far apart may still exhibit similar traffic patterns. For example, a traffic jam at an
intersection may cause congestion at surrounding intersections, whereas schools and government institutions
may share similar peak traffic patterns in the morning and evening. In such cases, the interactions between road
nodes cannot be simply represented by a fully connected graph.

To better capture the complex relationships between nodes,we innovatively utilizes a parallel attention
mechanism in the spatial Transformer encoder to simultaneously capture both long-range and short-range
dependencies. Additionally, two graph mask matrices, M and M;, are introduced, which are applied to the
short-range and long-range self-attention mechanisms, respectively, to represent short-range and long-range
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Figure 4. Temporal environment aware attention.
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spatial dependencies. Mis the short-range mask matrix, which filters out nodes that are too distant by applying
a threshold A

1, distance < A
Maskshort = { 0, otherwise ®

M, is the long-range mask matrix, which uses the Dynamic Time Warping (DTW) algorithm to compute the
historical traffic similarity between nodes. This algorithm is based on dynamic programming, and it constructs
the correspondence between elements of two sequences of different lengths by the principle of nearest distance,
to evaluate the similarity between the two time series. Using this method, the top K most similar nodes are
selected as neighbors, with the weights set to 1.

(1, DX, Y)<e
Maskiong = { 0, otherwise ®

For two time series of different lengths, the DTW algorithm first aligns the sequences, and then calculates the
total distance of the aligned sequences, as defined below:

D(x4,y;5) =d(zs,y5) + min {D(xi—1,;), D(@i,yj-1), D(xi-1,y5-1)} (10)

D(zi,y;) represents the shortest distance between the subsequencesX = (z1,z2,...,2;) and
Y = (y1,y2,...,¥i).d(zi, yi) denotes the absolute distance between z; and y;.In this way, the model can
identify nodes that are spatially distant but exhibit similar traffic patterns.

The heatmaps of the long-range and short-range masks, shown in Figs. 5 and 6, reveal that the long-range
mask selects the most similar nodes, while the short-range mask naturally forms clusters, selecting nodes that
are closer in distance .

The model first adds the output of the temporal-environment-aware self attention , X (te) ¢ RVXTx ™ to the
Laplacian embedding of the map in the data embedding layer. X € R "> (after broadcasting):

X = x (e +X(lﬂp) (11)

d = m Here, the model receives the input to the spatial self-attention module. The input is then fed in parallel
into the long-range spatial self-attention and short-range spatial self-attention modules. Take the short-range
spatial self-attention module as an example.

© — xw®
QW = xW§ (12)
K& = xwl (13)
Ve = xw (14)

Figure 5. Long range.
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Figure 6. Short range.

DataSets | Number of nodes | Time range

Pems03 | 358 09/01/2018-11/30/2018
Pems04 | 307 01/01/2018-02/28/2018
Pems07 | 883 05/01/2017-08/31/2017
Pems08 170 07/01/2016-08/31/2016

Table 1. DataSets.

where W5, WI(; ) and W‘(/S) are learnable parameters. Using the earlier Eq. (6), we obtain the attention scores

A?, which are then Hadamard-multiplied with the short-range mask matrix M,:
X e RT*N*™ — softmax(A®) © M)V (15)

This results in the output of the short-range sgatial self-attention , X ®) € RT*N*™ Similarly, the output of the
long-range spatial self-attention is X () € R”*N ™ Following the original Transformer methodology, we use
residual connections and layer normalization. Finally, we concatenate the outputs of the two modules:

x (spa) _ X(S)HX(Z) (16)

and apply a fully connected layer for dimensionality transformation:

X7 = FO(XP?) (17)

Ultimately, we obtain the output of the spatial-temporal Transformer encoder, X *P* € RT*~ X" This data can
be considered to have accurately learned the long-range and short-range relationships in the spatial domain.

Experiment

DataSets

This study validates the IEEAFormer using real-world traffic datasets: PEMS03, PEMS04, PEMS07, and PEMSO08.
STSGCN introduced these datasets'®. Each dataset consists of data collected every 5 min by multiple sensors
distributed across different locations over a certain period. For instance, Pems04 comprises traffic flow data
collected by 307 sensors every 5 min over 59 days, while Pems08 includes data collected by 170 sensors every 5
min over 62 days. Detailed information about these datasets is provided in Table 1. The spatial network for each
dataset is constructed based on the actual road network. If two observation points are located on the same road,
they are considered connected in the spatial network. During the preprocessing stage, we detect and remove
missing values in the data, and standardize the data by subtracting the mean and scaling it to unit variance.
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X' = X —mean(X)
std(X)

Here,mean(X) and std(X)represent the mean and standard deviation of the time series, respectively.

Experimental setup

Following standard practice, the four datasets were split into training, validation, and test sets with a ratio of
6:2:2. The prediction task involves using the past one hour (12 time steps) of traffic data to forecast the next hour
(12 time steps), known as a multi-step prediction.

The model was implemented using the PyTorch framework on an online NVIDIA GeForce 2080Ti server
provided by Autodl (https://www.autodl.com/). The dimension of the implicit information embedding is 152,
and the depth of the encoder layers is 4. The number of attention heads is 4. We selected Adam as the optimizer,
with an initial learning rate of 0.001 that decays over time, and a batch size of 16. The training ran for 200 epochs,
and early stopping was applied.

Three metrics were used to evaluate the traffic prediction tasks: Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and Root Mean Squared Error (RMSE). Consistent with previous studies, the average
performance over the 12 forecasted time steps on the PEMS03, PEMS04, PEMS07, and PEMS08 datasets was
used to assess the model.

We compared IEEAFormer with several widely used benchmark methods, including a typical traditional
model, HI''. Graph neural network models: DCRNN'2, AGCRN!, STGCN', GTS', ASTGNN®, and
MTGNN, all of which use simple feature embeddings. We also included STNorm'8, which focuses on
decomposing traffic time series. Additionally, we selected short-term time series prediction methods based on
Transformer:GMAN! , PDFormer®’ , and DRFormer?! , which are Transformer models designed for the same
task as ours. Furthermore, we included MFSTN?? and SGRU*, which are relatively new models in this field.

Performance evaluation
As shown in Table 2 below, we can draw the following conclusion:

(1) Our proposed method significantly outperforms the baseline methods in most metrics and datasets,
demonstrating strong performance and generalizability.

(2) The IEEAFormer deep learning model excels in spatial-temporal data prediction tasks compared to tradi-
tional time-series forecasting models (e.g., HI). This is mainly because traditional models overlook spatial
dependencies in traffic data.

(3) IEEAFormer performs better than STGCN, which also models the map. This is because our approach incor-
porates a unique long- and short-range masking mechanism that better captures geographic relationships.

(4) Among self-attention-based models, ASTGNN and PDFormer stand out: ASTGNN aggregates neighbor
information by combining GCN and self-attention modules, while PDFormer employs a more complex ar-
chitecture. Compared to ASTGNN, our method utilizes two matrices in conjunction with spatial self-atten-
tion to capture both short-range and long-range spatial dependencies simultaneously, achieving superior
performance. Compared to PDFormer, our network architecture is simpler yet more effective in capturing
latent information behind the data. Compared to the latest models, our IEEAFormer also demonstrates
competitive performance.

PEMS03 PEMS04 PEMS07 PEMS08
MAE | RMSE MAPE | MAE | RMSE MAPE | MAE | RMSE MAPE | MAE | RMSE MAPE
AGCRN 15.25 | 26.65 15.88% | 19.44 | 31.25 13.40% | 20.56 | 34.41 8.77 15.32 | 24.99 10.03%
STGCN 15.83 | 27.51 16.13% | 19.57 | 31.39 13.44% | 21.77 | 35.31 9.24% | 16.08 | 25.39 10.61%
GTS 1541 | 26.16 25.40% |20.99 |32.95 14.66% | 22.14 | 35.15 9.42% | 16.49 | 26.08 10.54%
ASTGNN 15.04 |26.99 18.90% | 18.62 | 31.12 12.66% | 20.61 | 34.00 8.59% | 14.94 | 23.55 9.09%

MTGNN 16.07 |25.77 14.66% | 19.07 | 31.56 12.96% | 21.01 | 34.17 9.09% | 15.93 | 24.89 10.18%
STNorm 15.32 | 25.90 14.40% | 18.96 | 30.98 12.77% | 20.60 | 34.69 8.88% | 15.15 | 24.19 10.13%

HI 32.62 | 49.89 30.60% | 42.35 | 61.66 29.92% | 49.03 | 71.18 22.75% | 36.66 | 50.44 21.63%
GMAN 16.87 | 27.92 18.23% | 19.11 | 31.58 13.16% | 20.97 | 34.10 9.05% | 15.31 |24.92 10.12%
DCRNN 15.64 | 27.22 15.62% | 19.61 | 31.26 13.60% | 21.16 | 34.14 9.01% | 15.30 |24.19 10.26%
PDFormer 14.97 | 25.41 15.88% | 18.36 | 30.03 12.01% | 19.97 | 32.97 8.55% | 13.63 | 23.41 9.11%

DRFormer | 15.01 | 26.14 16.98% | 19.47 | 32.46 13.13% | 21.11 | 33.47 9.95% | 14.73 | 25.04 10.38%
SGRU 1522 |26.23 15.64% | 19.96 | 31.98 13.22% | 21.60 | 34.58 9.16% | 15.96 |25.13 10.02%
MFSTN 18.63 |27.77 16.30% | 22.08 | 33.49 15.49% | 23.02 | 35.98 10.29% | 17.26 | 26.11 13.01%

IEEAformer | 15.00 | 25.37 15.17% | 18.22 | 30.31 11.99% | 19.11 | 32.60 8.01% | 13.49 | 23.20 8.89%

Table 2. LULC change transition matrix showcasing percentage wise area changes(AC) in each class. Bold
values (no change).
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The impact of hyperparameters on experimental results

To further investigate the impact of hyperparameter settings, as well as the effects of residual connections
and layer normalization on model performance, we conducted experiments using the Pems08 dataset under
different hyperparameters and configurations. Except for the factors under investigation, all models followed
the same settings as described in “Experimental setup”. The results are shown in Fig. 7. In general, IEEAFormer
is not sensitive to hyperparameter settings. Increasing the dimension of the implicit information embedding
(modifying the semantic embedding Es in the implicit information embedding), the depth of the model, and the
number of attention heads can slightly improve performance, but the differences are not statistically significant.
Additionally, we observed that the normalization layer and residual connections contribute significantly to
the model’s results. When neither residual connections nor normalization layers were included, the model
was difficult to train and the loss did not converge. The model that combined both residual connections and
normalization layers achieved the best performance.

Time and space complexity

In the multi-head self-attention module informed by time environment, the computational complexity of
the multi-head self-attention and convolution operations for each node is O(T2dmode1) and O(kThd2 o qe1)
, respectively. The time complexity of spatial self-attention is also O(T2dmode1). The spatial complexity of the
model is approximately O(N?d + Nd).

Ablation study
To further investigate the effectiveness of each component in IEEAFormer, this study employed a controlled
variable method to design the following experiments:

(1) Removal of Time Embedding £y and Semantic Embedding E's This means that the model does not learn
periodic information about time or semantic information.

(2) Replacement of Time-Environment-Aware Self- Attention with Traditional Multi-Head Self- Attention: Tra-
ditional multi-head self-attention does not effectively learn contextual environmental information or cor-
rectly match similar nodes.

(3) Removal of Masks for Long-Range and Short-Range Spatial Self-Attention: In this case, each node attends
to all other nodes without restriction.

We applied the above experiments to the Pmes04 and Pems08 datasets. The experimental results shown in Figs.
8 and 9 demonstrate that the traffic flow data inherently contains implicit information such as periodicity and
traffic patterns. The implicit information embedding layer used in this study effectively captures these features
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Figure 7. Effect of different network configurations.
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Figure 9. Ablation on Pems08.

. Furthermore, the application of the time-environment-aware self-attention mechanism along the time axis
effectively models temporal relationships, significantly outperforming the traditional multi-head self-attention
mechanism. In addition , the spatial self-attention mechanism, combined with the long-range and short-range
masks , highlights important spatial features and effectively suppresses

the influence of noise. In summary , the proposed method can effectively extract spatial-temporal features
and accurately predict traffic data.

Case study

To further analyze the effectiveness of IEEAFormer’s spatiotemporal Transformer encoder in capturing local
temporal trends and modeling both long- and short-range spatial information, we referred to methods in?%
. Specifically, we shuffled the original input along the temporal axis T, significantly weakening the temporal
environmental information in the data, as illustrated in the figure. On the dataset with shuffled time order,
IEEAFormer failed to capture the temporal environmental information, which led to a degradation in the model’s
performance. This result indicates that our model is more sensitive to the implicit temporal environmental
information in the data. Additionally, we visualized the original self-attention scores and the time-environment-
aware self-attention scores (Fig. 10).

It can be observed that the original self-attention mechanism tends to focus on points that are temporally
distant, whereas the time-environment-aware self-attention correctly focuses on the information of a given
time step and its surrounding context. Additionally, we gradually increased the prediction horizon, and Fig.
11 shows the impact of this increase on the predictive performance of different models. Generally, as the
prediction horizon expands, the task becomes more challenging, leading to a performance decrease across all
models. However, in most cases, the performance of IEEAFormer decreases the least. This means that even as
the temporal correlation weakens, IEEAFormer is still able to make relatively accurate predictions based on the
learned spatial correlation information.
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Figure 11. Performance changes of different methods on Pmes08.

Conclusion

In this study, we enhance the traditional Transformer model by addressing three key aspects : input embedding,
temporal attention, and the modeling of both long-range and short-range spatial relationships. We propose a
novel IEEAFormer architecture , which includes: the addition of latent information embeddings in the input,
the use of time-environment-aware self-attention mechanisms for modeling temporal dependencies, and the
introduction of long-range and short-range mask matrices combined with parallel self-attention to capture both
long-range and short-range spatial features. Extensive experiments on four real-world datasets demonstrate the
superior performance of our proposed model. In the future, we will continue to optimize the model to adapt to
more complex and dynamic traffic scenarios.

Related work

In recent years, an increasing number of researchers have begun to adopt deep learning models for traffic
prediction. Due to the inherent temporal and spatial information in traffic flow data, early studies predominantly
used Convolutional Neural Networks (CNNs) to model the temporal and spatial features of traffic data. However,
CNN s were originally designed to handle Euclidean data such as images and videos, whereas real-world road
data are irregular and graph-structured. As a result, CNNs struggle to accurately extract spatial features. On
the other hand, Graph Neural Networks (GNNs), due to their intrinsic capability to handle non-Euclidean
data, address the limitations of CNNs in spatial feature modeling, as demonstrated by works such as? . The
Spatial-Temporal Graph Convolutional Network (STGCN)!* combines both CNN and GNN approaches and
has shown promising results. However, it relies on a predefined graph structure, limiting its ability to capture
spatial features dynamically . In contrast, models like GraphWaveNet?”” and AGCRN!® can adaptively learn
the graph structure of the road network from the data. Recently, attention mechanisms have gained attention
due to their effectiveness in modeling the dynamic dependencies in traffic data. Transformer-based traffic flow
prediction models have also emerged?®?°. Among them, STAEFormer?* uses embedding techniques similar to
those presented in this paper, while PDFormer®® introduces a similar masking strategy**3! propose a unified
replay-based continuous learning framework. With the rapid development of large models,many methods based
on large language models have also been proposed such as**** . Moreover,**-*” are notable contributions in this
field. However, unlike the aforementioned works, we not only improve the embedding layer to capture implicit
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information but also adopt an enhanced multi-head self-attention mechanism in both the temporal and spatial
dimensions to better handle complex spatial-temporal relationships.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on
reasonable request.

Code availability

Code is available from the https://gitee.com/xanax9203/ieeaformer.
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