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Abstract. Decision making based on predictive traffic flow is one of
effective solutions to relieve road congestion. Capturing and modeling
the dynamic temporal relationships in global data is an important part of
the traffic flow prediction problem. Transformer network has been proven
to have powerful capabilities in capturing long-range dependencies and
interactions in sequences, making it widely used in traffic flow prediction
tasks. However, existing transformer-based models still have limitations.
On the one hand, they ignore the dynamism and local relevance of traffic
flow time series due to static embedding of input data. On the other
hand, they do not take into account the inheritance of attention patterns
due to the attention scores of each layer’s are learned separately. To
address these two issues, we propose an evolving transformer network
based on hybrid dilated convolution, namely HDCformer. First, a novel
sequence embedding layer based on dilated convolution can dynamically
learn the local relevance of traffic flow time series. Secondly, we add
residual connections between attention modules of adjacent layers to
fully capture the evolution trend of attention patterns between layers.
Our HDCformer is evaluated on two real-world datasets and the results
show that our model outperforms state-of-the-art baselines in terms of
MAE, RMSE, and MAPE.

Keywords: Traffic flow prediction - Transformer - Hybrid dilated
convolution + Time series - Attention mechanism

1 Introduction

Traffic congestion on highways has always been a major issue in large cities. With
the rapid growth of urbanization and car ownership, the volume and complexity
of traffic travel data have become increasingly large [14]. Accurate predictive
traffic flow guides cost-effective traffic decisions to alleviate road congestion and
enhance the efficiency of highway operations [25].

Supported by the Key-Area Research and Development Program of Guangzhou City.

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024
Published by Springer Nature Switzerland AG 2024. All Rights Reserved

H. Gao et al. (Eds.): CollaborateCom 2023, LNICST 563, pp. 329-343, 2024.
https://doi.org/10.1007/978-3-031-54531-3_18


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-54531-3_18&domain=pdf
http://orcid.org/0000-0003-2870-4037
http://orcid.org/0000-0002-9982-5488
https://doi.org/10.1007/978-3-031-54531-3_18

330 Q. Yu et al.

The traffic flow prediction task refers to extracting useful information from
historical data through technical means and then outputting the most likely
future traffic flow. Capturing and modeling the dynamic temporal relationships
in traffic flow data is an important part of this task. The current traffic flow pre-
diction task has the following characteristics. First, the complexity of the rela-
tionships between data increases due to the massive amount of traffic data, so it is
difficult to efficiently extract the relevance between key data. Second, in addition
to being influenced by historical traffic flow, the traffic flow data on roads is also
closely related to the surrounding context of the data points. Third, traffic flow
data time series usually exhibit obvious periodicity (hourly, daily, weekly), which
is also a problem that researchers need to consider. In recent years, the vanilla
transformer networks [26] has demonstrated powerful capabilities in capturing
long-range dependencies and interactions in sequences. Compared with tradi-
tional deep learning networks such as convolutional neural networks (CNNs) or
recurrent neural networks (RNNs), the original transformer (i.e., vanilla trans-
former) replaces the most commonly used recurrent layer in the encoder-decoder
architecture with multi-head self-attention and models sequences entirely based
on attention mechanisms, allowing the network to process all input data in paral-
lel to ensure that the model learns the global relevance of time series. In addition,
it also proposes a position encoding mechanism to preserve the order of elements
in a sequence. Traffic transformer [5] captures the continuity and periodicity of
traffic flow time series using a transformer framework. RPConvformer [29] uses
one-dimensional convolution to embed traffic flow time series data as a replace-
ment for the word embedding method of the original transformer.

However, existing transformer network-based traffic flow prediction models
still have limitations. On the one hand, the static data embedding method cannot
enable the model to learn the dynamic relevance of time series well. The increase
in convolution operations that can learn the local correlation of sequences is
limited by the size of the convolution kernel. On the other hand, most existing
attention-based models do not take into account the inheritance of attention
patterns between layers. They simply stack encoding modules repeatedly and
learn the attention scores of each layer separately.

To address the aforementioned issues, we propose an Evolving Transformer
Network based on Hybrid Dilation Convolution, called HDCformer, for traffic
flow prediction. First, in order to capture the dynamic relevance of time series
while paying attention to the relevance of local areas, we use a hybrid dilated
convolution layer to embed the original time series data. Dilated convolution can
increase the receptive field on the basis of standard one-dimensional convolution
while also solving the problem of reduced accuracy caused by max pooling opera-
tions. Second, in order to capture the dependency relationship between attention
scores of different layers, we directly connect attention modules from adjacent
layers so that attention calculation can depend on the results of the previous
layer and promote information sharing between different layers. In summary,
the main contributions of this paper are as follows.
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e We propose an Evolving Transformer Network based on Hybrid Dilation
Convolution. Our approach adopts the vanilla transformer’s encoder-decoder
architecture, which is based on scaled dot-product attention. We develop a
novel convolutional embedding layer that learns the dynamism and local cor-
relations of traffic flow time series data by stacking dilation convolutions with
different dilation rates.

e We conduct residual connections to the original transformer structure, con-
necting the attention scores of adjacent layers to fully capture the transfer-
ability of attention values between different layers, thereby better learning
the evolution trend of attention patterns.

e We evaluate our model on two public datasets. The experimental results
demonstrate that our model outperforms state-of-the-art baselines on three
metrics: MAE, RMSE, and MAPE.

The rest of this paper is organized as follows. In Sect. 2, we introduce the
related work of this article, including traditional traffic flow prediction methods
and traffic flow prediction methods based on transformer networks. In Sect. 3, we
introduce some basic symbols and problem definitions. In Sect. 4, we describe the
specific implementation details of the traffic flow prediction method proposed in
this paper. In Sect.5, we evaluate the performance of the proposed method on
two real datasets through experiments and ablation studies. Finally, we summa-
rize the work of this paper and discuss future research directions.

2 Related Work

2.1 Traffic Flow Prediction

The traffic flow prediction can be seen as a mapping from historical time series
traffic data to future time series traffic conditions. Early methods for traffic
flow prediction were based on statistical theory, such as the Historical Aver-
age (HA) [15], which uses weighted calculations of traffic flow between adjacent
time periods and historical periods as the prediction result. The ARIMA [12]
captures linear relationships in time series data for traffic flow prediction. Sta-
tistical models are simple in algorithm and rely on statistical assumptions, but
cannot capture the temporal characteristics and deeper feature information of
traffic flow data.

The emergence of machine learning methods has enabled models to begin
capturing non-linear relationships in data. The most representative of these is
the traffic flow prediction model based on the KNN [8], which selects K nearest
vectors from the historical database for statistical analysis to obtain prediction
results. The SVR [6] requires the selection of an appropriate kernel function to
train the support vector machine and predict traffic flow in the next period.
However, machine learning methods are still unable to cope with increasingly
large and complex data.

To support the prediction of today’s large amounts of traffic flow data,
researchers have begun to use deep learning methods to explore and mine deep
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temporal features and dynamic dependencies between data [16]. Most traffic flow
prediction models are based on CNNs [13] and RNNs [19]. On one hand, due to
the architectural characteristics of RNNs, their network depth can be the length
of a time series. Many researchers use RNNs to construct dynamic time relation-
ships. LSTM [30] solves the gradient vanishing problem brought by deep RNNs
by adding forget gates, input gates, and output gates. SBU-LSTM [10] devel-
oped a bidirectional LSTM layer to capture forward and backward dependencies
in time series data. LSTM-BILSTM [21] further improves prediction accuracy
by combining the advantages of sequential data with the long-term dependen-
cies of bidirectional LSTMs. GRU [9] simplifies the neural network structure
by omitting gates with small contributions in LSTM, improving model learning
efficiency. However, due to its recursive nature, RNNs models are always limited
in solving global parallelization problems in sequences. On the other hand, early
on, CNNs were applied to capture spatial dependencies in traffic flow data in
grid road networks. Recent work has also applied CNNs to time series prediction.
G-CNN [34] explored a feature extractor for high-dimensional multivariate time
series. Some researchers have proposed stacking dilated convolutions, or com-
bining them with causal convolutions, such as [3,4,11], they all demonstrate
the applicability of convolutional networks to time series prediction problems.
Inspired by their works, we developed a hybrid dilated convolution layer to
extract dynamic relevance in time series.

2.2 Transformer Networks for Traffic Flow Prediction

The work [2] first used the attention mechanism in the encoder-decoder, applying
it to the task of neural machine translation. Subsequently, the attention mecha-
nism was widely used in time series prediction tasks [18,22,24]. The vanilla trans-
former [26] is a network architecture completely based on self-attention mecha-
nisms. Due to the outstanding performance of transformers in the field of natural
language processing, more and more researchers have begun to explore the fea-
sibility of transformers in traffic flow prediction tasks. Traffic transformer [5]
captures the continuity and periodicity of time series using the transformer
framework. TERMCast [33] proposes a transformer-based urban traffic predic-
tion architecture that extracts proximity, periodicity, and trend components from
urban traffic sequences.

In addition, researchers have improved the original transformer from two
aspects to achieve optimal prediction performance.The first is to improve several
important modules in the transformer framework. For example, LogSparse [17]
Transformer proposes a convolutional self-attention mechanism that better incor-
porates local environments into the attention mechanism. Informer [36] selects
major queries based on query and key similarity to participate in attention score
calculation, reducing computational complexity. Pyraformer [20] introduces a
pyramid attention module to capture a wide range of time dependencies. Cross-
former [35] captures cross-dimensional dependencies to achieve multivariate time
series prediction.The second is to design a new transformer architecture. For
example, an article [28] proposes a convolution-enhanced attention network that
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promotes information flow between tokens across layers. Autoformer [31] designs
an autocorrelation mechanism that progressively decomposes complex time series
to reduce complexity. Scaleformer [23] designs a new iterative scaling scheme
that iteratively improves predicted time series at multiple scales. We design
convolutional network modules and residual connections to improve the vanilla
transformer architecture.

3 Preliminary

Relevant formal definitions are listed here.

e Definition 1: Traffic Flow Tensor. We define the traffic flow tensor of all
nodes over the total 7' time slices as {X1,---, Xy, -+, Xn} € RVXT where
X, ={x1, -+, 2, -+, 27} € RT represents the historical time series of node
n at the last T time steps, IV represents the number of nodes in the road
network.

e Definition 2: Traffic Flow Prediction Problem. The objective of traffic
flow forecasting is to accurately predict future traffic flow values utilizing
historical data obtained from N nodes. By fitting a complex function f, traffic
values for the coming P time steps can be forecasted based on traffic data from
N nodes over the previous T time steps. The function is defined as shown in
Formula 1, where 6 represents the learnable parameter that is shared among
the time series of all NV nodes within the model.

[$T+1,"' y LT 4py " 7xT+P] = f([mh s Lyt o e amTae]) (1)

4 Methodology

Figure 1 illustrates the framework of HDCformer, which consists of a data embed-
ding layer, a positional encoding layer, a stack of M identical encoder-decoder
layers, and an output layer. HDCformer is an improved model based on the trans-
former network, where the modification specifically includes two aspects. On the
one hand, hybrid dilated convolution is used to construct the data embedding
layer, which captures the correlation of local time series. On the other hand, a
residual connection is added between adjacent encoding layers. That enables the
encoding layer to generate attention based on inherited information and learn
the evolving trend of attention patterns.

4.1 Hybrid Dilated Convolution for Data Embedding

In addition to being influenced by historical ones, traffic flow is also heavily
related to the temporal characteristics [17]. The trend brought by these temporal
characteristics are reflected in the surrounding context. As shown in Fig.2(a),
points A and B have the same value which is just the median within a one-
hour, but they have completely different fluctuation trends in subsequent time
steps. In other words, the two points have different local temporal characteristics.
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Fig. 1. The framework of HDCformer

For our model, it is necessary to capture such local relevance of time series. In
the vanilla transformer network, the attention score is calculated on a point-by-
point basis, which may lead to time steps with similar traffic flow data capturing
more incorrect matching information. To address this issue, we propose a data
embedding layer based on hybrid dilated convolution, which obtains richer local
information with different dilation rates.

Dilated convolution, as the name suggests, involves injecting holes into stan-
dard convolution to increase the receptive field of the convolutional kernel [32].
The number of holes injected, i.e., the interval between kernels, is referred to as
the dilation rate (denoted as r). In standard convolution, the dilation rate r is
equal to 1. As can be seen from Fig.2(b), for a 3 x 3 convolutional kernel, the
setting r = 2 significantly increases the receptive field. However, when we stack
multiple 3 x 3 kernels with » = 2, we find that our kernel is not continuous. This
stacking method results in a loss of information continuity, which contradicts
our original intention of learning time series correlations. A feasible solution [27]
adopts different dilation rates are set for dilated convolutions at different layers
to cover all holes, and achieves better prediction performance than traditional
standard convolution.

The implementation of the data embedding layer is shown in Fig. 1. We com-
bine hybrid dilated convolution with one-dimensional standard convolution. The
one-dimensional standard convolution unit processes the input time series and
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Fig. 2. (a) shows time series on PeMSD4 dataset, where two curves represent the traffic
flow of a node on a weekday and a weekend respectively. Each row in (b) shows the
pixels involved in the convolutional kernel calculation when the convolutional kernel
size is 3x3 for standard convolution (dilation rate = 1), dilated convolution (all dilation
rates = 2), and hybrid dilated convolution (dilation rates of 1, 2, and 3), respectively.

sequentially captures local context. By stacking one-dimensional convolution,
the sequence features are expanded without altering the sequence length. Then,
three layers of hybrid dilated convolution with different dilation rates are used to
improve the local correlation of the time series. Assuming that the input traffic
flow data is Xj,put, the mathematical expression of the convolution module is
shown in Formula 2, where B represents the batch size, T}, represents the length
of the input sequence, D;,, represents the input feature dimension, HDC(-) rep-
resents the hybrid dilated convolution and D.,,; represents the expanded feature
dimension.

RBXTinx Dy HPCC) - RBXTin X Demp_ 2)

Xinput S emb €

Furthermore, to prevent the front position from accessing future information,
padding is adopted with a one-sided complement that has the same output
sequence.

4.2 Positional Encoding

Due to the parallel nature of the framework, sine and cosine functions were
introduced as position encoding in the vanilla transformer framework to mark
the order of the input sequence. In text data, position encoding records the
position information of words in sentences. Compared to text data, traffic flow
data has obvious periodic trend [5]. Therefore, we need to set an appropriate
period value in the positional encoding for time series data. The mathematical
expression of position encoding is shown in Formula 3, where ¢ represents the
time step in the sequence and period is the pre-defined parameter.

— o5 2t
Xpos(2t) = sm(pe;ifd) ' 3)
Xpos(2t +1) = cos(=ZL)
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We concatenate the above positional encoding vector X,,s € RBXTinxDpe
with the data embedding vector X,,,;, € REXTinXDemb to obtain the input data
X € REXTinx(DpetDems) for the model, where D, represents the dimension of
positional encoding.

X = Concat(Xpos, Xemp)- (4)

The period helps to more accurately describe the periodic characteristics
of traffic flow data. According to experience, shorter periods can obtain more
effective positional encoding values.

4.3 Evolving Transformer

In the vanilla transformer network, the attention scores of each layer are learned
separately and no interaction exists between layers. That makes it impossible to
learn the evolution trend of attention patterns. Based on the encoder-decoder
architecture using Scaled Dot-Product Attention [26] in the traditional trans-
former, we propose an evolution mechanism that enables stacked blocks to cap-
ture the dependency relationship between attention scores at different layers.
Accordingly, predictive accuracy can be further improved.

The Evolving Mechanism. Inspired by the work [28], our Evolving Trans-
former adds residual connections between adjacent encoder blocks. Specifically,
the attention score of the previous layer is combined with the output result of the
previous block as the input of the current layer’s attention mechanism. Then, the
calculated attention score of the current layer is combined with the input of the
current block and sent to the feedforward network. After layer normalization [1],
the output of the current block is obtained. We use X-.! to represent the com-
puted result of the previous block after residual connection (before Feed Forward
Layer), X(f;tl to represent the output of the previous block, X}, to represent the
input to the attention mechanism of the current block, and X!, to represent
the output of the current block. Further, Attention(-) is used to represent the
attention operation on X}, in the current block. In addition, symbols o and 3
are pre-defined hyperparameters ranging from 0 to 1 based on empirical values.
The mathematical representation is as follows:
Xy =0 Xigh + (1—a) - g,

Xl = B Xz’in + (1 - ﬂ) : Attention(Xiin)7 (5)

res

X!, = Layer Norm(FeedForward(X.,,)).

o
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Multi-head Attention. We use the Scaled Dot-Product Attention model to
calculate attention scores, which is a core part of the transformer architecture.
First, the input data X}, is linearly transformed to obtain the initial represen-
tations of the three vectors Q = W X¢,, K = WX}, and V = W, X} , which
are then input into the model. Next, the dot product is calculated between Q
and K to determine their relevance, and then the attention scores are calculated

through softmax.
QK"
vV Dpe + Demb

By using multi-head attention, the model can simultaneously focus on infor-
mation from different representation subspaces at various positions. This is not
possible with a single attention head, as averaging would inhibit it. We assume
the multi-headed attention mechanism of the H-heads is defined as follows.

Attention(Q, K, V) = softmax( W. (6)

heady, = Attention(Qpn, Kn, Vi),

7
Qn=QW} Ky=KW}! V,=VW} h=1,--- H. Q

Finally, the outputs of the H-heads are merged and then subjected to layer
normalization to obtain the output of the attention layer, where Wq,Wk,WU,WO
represent the weight matrices.

Attention(X;,) = Layer Norm(Concat(heady, - - - , head )W©). (8)

Feed Forward Networks. In our encoder and decoder, each block contains not
only an attention sublayer but also a fully connected feed forward network. Such
network is applied after the attention layer and consists of two linear trans-
formations and an activation function. We define a,, W,. and b, as learnable
parameters, the activation function uses the LeakyReLU function, as follows:

FeedForward(Xyes) = max(arXres, Xres) Wy + by (9)

5 Evaluation

5.1 Dataset

The performance of HDCformer was validated on two real-world traffic flow
datasets, PeMSD4 and PeMSD8. The datasets were collected from the California
highway traffic flow data by the Caltrans Performance Measurement System
(PeMS) [7], with data aggregated at 5-min intervals, i.e., 12 sample points per
hour. Details of the two public datasets are given in Table 1.



338 Q. Yu et al.

Table 1. Details of the two public datasets.

Datasets | Nodes | Time Interval | Timesteps | Time Range
PeMSD4 | 307 5 min 16992 1/1/2018-2/28/2018
PeMSDS8 | 170 5 min 17856 7/1/2016-8/31/2016

5.2 Baseline

We compared HDCformer with the following 7 representative and advanced base-
lines:

e HA [15]: History Average Model, which uses the average historical traffic
flow of a road section within a certain time interval as the predicted value.

e ARIMA [12]: Autoregressive Integrated Moving Average Model, which
treats the sequence as a random time series and approximates it using a
mathematical model.

e KNN [g8]: K-Nearest Neighbor Model, which finds neighbors in the histori-
cal database that match the current real-time observation data and uses a
prediction algorithm to obtain the traffic prediction for the next moment.

e SVR [6]: Support Vector Regression Model, which is an application of sup-
port vector machine to regression problems.

e LSTM [30]: Long Short-Term Memory Model, which is a special type of RNN
designed to solve the problem of gradient vanishing and gradient explosion
during training of long sequences.

e GRU [9]: Gate Recurrent Unit Model, which is also a type of RNN that more
efficiently solves the problem of long-term memory and gradient in backprop-
agation.

e RPConvformer [29]: A novel Transformer-based deep neural network for
traffic flow prediction, which developed a fully convolutional embedding
layer and used relative position encoding for linear mapping in multi-head
attention.

5.3 Setting

Our HDCformer is implemented using Ubuntu 20.10, Python 3.7 and the deep
learning framework TensorFlow 2.2.0. We conduct and evaluate all of our exper-
iments on a server equipped with an 8-core Intel(R) Xeon(R) Platinum 8163
2.50GHz CPU and an NVIDIA Tesla T4 16GB GPU.

We split two datasets into training set, validation set, and test set in a ratio
6:2:2. We use the past day’s historical data (288 timesteps) to predict the traffic
flow data for the next hour. Further, the hyperparameters in the model are set
as follows: the initial learning rate is set to 0.001 with Adam as the optimizer,
the batchsize B is set to 32, the maximum epoch is 100, the hybrid dilated
convolution layer has a convolution kernel of 7x7 with dilation rates of [1,2,5],
and the number of encoders and decoders is set to 3 with 8 attention heads.
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We use three commonly used metrics to assess the performance of HDCformer
model: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
Mean Absolute Percentage Error (MAPE). The mathematical representations
are as follows,

1 n
MAE = — — il
N;:lly ¥il

1 ¢ 2
- 7§ (yi — i 10
R’MSE N — (y’L y’L) Y ( )

1 |yi — il
MAPE = — —— x 100%
where ¢; represents the the predicted value, y; represents the ground truth, NV
represents the number of samples in the test set.

5.4 Performance Comparison

Table 2 shows the comparison results of HDCformer and 7 baseline methods for
traffic flow prediction on two public datasets. The results in bold indicate the
best, and the results underlined are the second best. As can be seen, our pro-
posed method outperforms all other baselines on all three indicators, especially
compared to the most important baseline RPConvformer, HDCformer improves
the prediction accuracy on PEMSD4 and PEMSDS datasets by an average of
8.12% and 3.00%, respectively. Based on the experimental results, we can draw
the following conclusions:

(1) Classical machine learning methods such as KNN and SVR models do not
fully utilize sequence information, ignore the relevance of local trends in
traffic flow sequences, and are easily affected by local outliers, resulting in
poor generalization ability of the model.

(2) The serial attribute of deep learning-based methods such as LSTM and GRU
models leads to the continuous transmission and amplification of errors in
the recursive process.

(3) The RPConvformer model, based on one-dimensional convolution for
sequence embedding, has a receptive field limited by the size of the convo-
lution kernel, and the local sequence features learned cannot well represent
trend relevance.

In summary, HDCformer combines improved strategies of hybrid dilated con-
volutional networks and evolutionary mechanisms of residual connections with
the transformer framework for traffic flow prediction. Experimental results vali-
date the superiority of the model.
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5.5 Ablation Experiments

In order to further study the effectiveness of the HDCformer model in traffic
flow prediction tasks, we designed the following variants for the data embed-
ding module based on hybrid dilated convolution and the evolved transformer
network.

Table 2. Predictive performance on the PEMSD4 and PEMSDS8 datasets.

Model PeMSD4 PeMSD8
MAE | RMSE MAPE(%) MAE | RMSE MAPE(%)

HA 47.17 |70.14 22.98 28.46 |36.3 25.92
ARIMA 64.34 | 84.20 |36.93 30.00 |38.22 |27.76
KNN 52.86 |72.25 26.10 22.49 129.85 18.65
SVR 53.81 | 71.48 29.02 21.54 |27.55 19.50
LSTM 38.50 |52.06 |19.23 19.75 |25.96 | 16.96
GRU 39.78 |52.25 22.52 20.19 | 26.68 17.01
RPConvformer 35.8 47.5 17.51 16.15 | 21.08 11.02
HDCformer(ours) | 32.80 |43.60 |16.15 15.71 | 20.54 |10.61

e HDCformer(no-dilated-conv): This variant removes the dilated convolution
in the data embedding layer.

o HDCformer(same-dilated-rate): This variant sets the dilation rate of the three
layers of dilated convolution to r=2 uniformly to evaluate the impact of grid-
ding effects on the model.

e HDCformer(no-skip-connection): This variant removes the residual connec-
tions added between adjacent encoder layers, i.e., it degrades to the original
transformer’s encoder stacking method.

The predictive performance of HDCformer and the above three variant mod-
els on the PEMSD4 and PEMSDS8 datasets were compared, and the ablation
study results are shown in Fig. 3. By analyzing the experimental results, we can
draw the following conclusions:

(1) HDCformer has a significant improvement in predictive performance com-
pared to HDCformer(no-dilated-conv), which indicates that using dilated
convolution for data embedding is effective in capturing local correlations in
sequences.

(2) The performance of HDCformer(same-dilated-rate) is worse than that of
HDCformer, which indicates that the gridding effect of dilated convolution
causes the model to learn incomplete local sequence features and obtain
defective trend information.
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(3) The performance of HDCformer(no-skip-connection) is worse than that of
HDCformer because this variant ignores the inheritance of attention pat-
terns between layers and the attention scores of each layer are calculated
independently.

@m no-dilated-conv mm same-dilated-rate © = no-skip-connection mm HDCformer

(a) MAE in PEMSD4 - (b) RMSE in PEMSD4 ’ (c) MAPE in PEMSD4

(d) MAE in PEMSD8 (e) RMSE in PEMSD8 h (f) MAPE in PEMSD8

Fig. 3. Ablation study on the PEMSD4 and PEMSDS8 datasets

6 Conclusion

In this paper, we propose An Evolving Transformer Network based on Hybrid
Dilated Convolution for Traffic Flow Prediction. Specifically, we developed a data
embedding layer based on hybrid dilated convolution by stacking dilated convo-
lutions with different dilation rates to capture the local correlations in traffic flow
time series and enable the model to learn the local trend of the sequence. We fur-
ther connected the attention scores of adjacent layers in the original transformer
to capture the evolution trend of attention patterns between different layers.
Compared to the best baseline, our model improved by 8.12% and 3.00% on the
two datasets respectively, demonstrating the superior performance of the HDC-
former model. Ablation experiment results show that using a data embedding
layer constructed with dilated convolution significantly improves the prediction
accuracy of the model. Adding residual connections between adjacent attention
modules also achieves the purpose of improving performance. As future work,
we will further study the spatio-temporal correlation of traffic flow in road net-
work structures, building on HDCformer and capturing the spatial dependence
of traffic flows using, for example, spatial self-attention mechanisms and spatial
graph modelling.
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