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ABSTRACT. Convention and exhibition visitor flow prediction is of great significance in
modern city management and large-scale event planning. Traditional methods of people
flow prediction, such as linear regression and time series models, are often difficult to
deal with complex spatio-temporal dependencies, resulting in insufficient prediction ac-
curacy. In order to solve this problem, this paper proposes a convention wvisitor flow
prediction method based on Spatio-Temporal Constant Differential Reformer Graph Neu-
ral Network (ST-EDRGNN). Firstly, the spatial relationship between different areas of
the convention centre is captured by the Graph Neural Network (GNN) and combined
with the spatial feature learning module based on ordinary differential equations, which
enables the propagation process of spatial information to be modelled as a continuous
dynamic process, thus describing the dependency relationship between the visitor flows
of each area more accurately. Then, the combination of LSH Attention and Reversible
Residual Network in Reformer model is used to process long time series data, which ef-
fectively reduces the computational complezrity and memory consumption, and improves
the training efficiency and prediction speed of the model. The experimental results show
that the Root Mean Square Error (RMSE) of the ST-EDRGNN model is 1.750 and 1.770,
the Mean Absolute Error (MAE) is 1.480 and 1.500, and the Mean Absolute Percentage
Error (MAPE) is 8.85% and 3.90%, which are significantly better than the other baseline
models on the two datasets.

Keywords: visitor flow prediction; spatio-temporal graph neural network; reformer;
self-attention mechanism; deep learning

1. Introduction. Pedestrian flow prediction is of great importance in modern city man-
agement and business decision-making, especially in high-density public places such as

convention and exhibition centres [1, 2]. With the acceleration of urbanisation, more
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and more large-scale conventions, exhibitions and events are held in major cities, and it
becomes increasingly important to accurately predict the flow of people at these events.
Accurate visitor flow prediction can help convention and exhibition managers make rea-
sonable resource allocation before the event, such as security personnel, guide signs, emer-
gency facilities, etc., to ensure the smooth running of the event. In addition, accurate
visitor flow prediction can improve service quality, enhance visitors’ experience, and avoid
congestion and safety problems caused by too many people [3, 4]. The ability to respond
to unexpected events and emergencies can also be improved, thus ensuring the safe con-
duct of convention and exhibition activities. Therefore, the study of crowd prediction for
exhibition visitor scenarios not only has significant practical application value, but also
has far-reaching significance for urban management and public safety.

Neural networks, especially deep learning models, show great potential in processing
complex data patterns and capturing nonlinear relationships in data. With the improve-
ment of computing power and the development of big data technology, neural networks
have been widely used in various prediction tasks. In the field of people flow prediction,
traditional time series models such as ARIMA and Long Short-Term Memory Network
(LSTM) perform well in some scenarios, but they are often incompetent in dealing with
large-scale and complex people flow data [5]. Graph Neural Networks (GNN) [6, 7] are
able to effectively utilise the connectivity information between nodes and edges to capture
the spatio-temporal dependencies in data by representing the data as a graph structure.
Graph neural networks can handle complex spatial relationships and improve prediction
accuracy through multi-level information transfer and feature aggregation [8, 9]. In addi-
tion, the Transformer [10, 11] model is able to model long-range temporal dependencies
through the self-attention mechanism, improving the accuracy of time series prediction.
Combining graph neural networks and Transformer models can make full use of their ad-
vantages in both spatial and temporal dimensions to provide a more accurate and reliable
solution for people flow prediction. The aim of this paper is to combine the advantages
of graph neural networks and Transformer models to propose a convention visitor flow
prediction method, which improves the accuracy and efficiency of prediction by compre-
hensively utilising spatial and temporal features.

1.1. Related work. Pedestrian flow forecasting has been an important research direc-
tion in urban management and business decision-making. Traditional methods of people
flow forecasting mainly include statistical modelling and time series analysis. Firstly,
statistically based methods have been widely used in early pedestrian flow forecasting.
Nassar [12] proposed a simple linear regression model for predicting people flow in build-
ings. Their study showed that although the linear regression model can reflect the trend
of people flow to a certain extent, its prediction accuracy and applicability are limited
when facing complex and dynamically changing people flow data. Gutiérrez et al. [13]
proposed a multivariate linear regression model to improve the prediction accuracy by
introducing multiple independent variables, such as weather, holidays and other factors.
However, with the increase in data dimensionality and complexity, the multiple linear
regression model faces the problems of dimensional catastrophe and overfitting.

Time series analysis methods are another common type of people flow forecasting meth-
ods. The ARIMA model proposed by Mondal et al. [14] achieves effective forecasting of
time series by smoothing, differencing, and estimating model parameters for time series
data. Although the ARIMA model performs well in univariate time series forecasting, it
has limited ability to handle multivariate time series data. To overcome this problem,
Dabral and Murry [15] proposed the Seasonal ARIMA (SARIMA) model, which improves
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the accuracy of forecasting by taking seasonality into account. However, the SARIMA
model is still deficient in handling nonlinear and non-stationary data.

In general, the traditional methods of people flow prediction are able to capture the
changing law of people flow to a certain extent, but their prediction accuracy and ap-
plicability are limited when facing complex, nonlinear and dynamically changing data.
Therefore, seeking more advanced and flexible prediction methods has become a hot spot
of current research.

With the increase in computing power and the development of data science, machine
learning and neural network based methods have become the main research direction for
people flow prediction in recent years. These methods are capable of handling complex
nonlinear relationships and extracting useful features from large amounts of data. How-
ever, current research still faces some challenges. Firstly, methods based on traditional
neural networks have been widely used in early research. Dudek [16] proposed a pre-
diction model based on neural networks and linear regression. Subsequently, Wang et
al. [17] proposed the Long Short-Term Memory (LSTM) network, which can effectively
capture long-range dependencies in time series by introducing memory units and gating
mechanisms in neural networks. LSTM performs well in several application scenarios, but
its computational complexity and training time in dealing with large-scale data are still
a challenge.

To further improve the prediction performance, researchers have started to combine
deep learning with graph structure data. Graph Convolutional Network (GCN) [18] is able
to effectively capture the relationships between nodes and their neighbours by performing
convolutional operations on graph structures. GCN performs well in the fields of social
networks, traffic networks, etc., but it has limitations in dealing with dynamically changing
graph structure data. Hu et al. [19] proposed the Graph Attention Network (GAT),
which enhances the model’s ability to perceive the importance of different neighbouring
nodes by introducing the attention mechanism, further improving the prediction accuracy.
However, GAT still has high computational complexity when dealing with long time
series and large-scale graph data. The introduction of the Transformer model provides
a new idea for people flow prediction. The Transformer model proposed by Ding et
al. [20] achieves efficient modelling of long-range dependencies through the self-attention
mechanism. The Transformer is used in the natural language processing and time series
prediction, but it lacks the ability to explicitly model node relationships when dealing
with graph-structured data.

1.2. Motivation and contribution. Existing methods for people flow prediction mainly
focus on static and simple scenarios, and show certain limitations when facing complex
dynamic changes and spatially dependent visitor flow prediction for conventions and ex-
hibitions. Traditional time series models and neural network models are inadequate in
capturing the spatial and temporal dependencies, which makes it difficult to effectively
cope with the complex fluctuations of visitor flow in convention and exhibition scenarios.
Traditional models are prone to overfitting and computational complexity problems when
dealing with multivariate time series and high-dimensional data, leading to insufficient
prediction accuracy. In addition, most of the existing studies ignore the important role
of spatial relationships in forecasting and cannot make full use of the spatial dependency
information between regions.

In order to solve the above problems, this paper proposes a convention visitor flow
prediction method based on Spatio-Temporal Ordinary Differential Reformer Graph Neu-
ral Network (ST-EDRGNN), which aims to improve the accuracy and efficiency of the
prediction. The main innovations and contributions of this work include:
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1. Spatial feature learning module based on ordinary differential equations:
Aiming at the limitations of traditional models in dealing with spatial relationships,
this paper proposes a spatial feature learning module based on ordinary differential
equations [21]. By continuously modelling the propagation process of node features,
this module avoids the excessive smoothing problem in traditional graph neural
networks due to the increase in the number of layers, and thus captures the complex
dependencies between the visitor flows in each region more accurately.

2. Efficiency improvement via Reformer architecture: Existing methods tend
to have high computational complexity and long training time when dealing with
multivariate time series and high-dimensional data. In this paper, by introducing
the Locally Sensitive Hash (LSH) Attention mechanism and the Reversible Residual
Network (RRN) in the Reformer model, the computational complexity and memory
occupation are effectively reduced, which improves the training efficiency and pre-
diction speed of the model. This improvement is especially significant when dealing
with large-scale and dynamically changing convention visitor traffic data.

2. Related Technical Studies.

2.1. Principles of Graph Neural Networks. Graph Neural Networks (GNN) are a
class of neural network models designed to process graph-structured data [22]. Since
many real-world data, such as social networks and traffic networks, can be represented as
graphs, GNNs are widely applied in these fields.

2.1.1. Basic structure of GNN. The basic structure of a GNN consists of nodes, edges,
and an adjacency matriz. Nodes represent entities in the graph (e.g., users in a social
network or intersections in a traffic network), edges represent connections or relationships
between nodes, and the adjacency matrix describes the connectivity between nodes.

In GNN, information is propagated between nodes and edges, and features in the graph
structure are captured by iteratively updating the states of nodes. At each layer, a node
receives information from its neighbours and updates its own state based on the aggregated
neighbour information. Mathematically, this process can be formulated as:

h*) — UPDATE (hg’“—”, AGGREGATE ({hy""” |j€ N(z’)})) , (1)
where hgk) denotes the feature vector (state) of node 7 at the k-th layer, and N (i) rep-
resents the set of neighbouring nodes of i. AGGREGATE(:) is the aggregation function,
while UPDATE(-) is the update function.
A typical aggregation function can be expressed as:

AGGREGATE ({hﬁ*” 1je N(z’)}) = 3 Ay, (2)
JEN (i)
and the update step is often performed as:
n = o (W AGGREGATE ({ " | j e N () }) + 1), (3)

where W and b denote the weight matrix and bias vector, respectively, and o(+) repre-
sents a nonlinear activation function such as ReLLU or sigmoid.

To prevent numerical instability and overfitting, node features are usually normalised
in GNNs. Specifically, by normalising the adjacency matrix A using the degree matrix D,
we obtain the symmetric normalised adjacency matrix A:
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A=D"24AD, (4)
where D is the degree matrix, and the diagonal element D;; denotes the degree of node
i.

2.1.2. Graph Convolutional Networks. Graph Convolutional Networks (GCN) are one of
the most widely used variants of GNNs, which generalise the convolution operation from
Euclidean to non-Euclidean domains [23]. While traditional Convolutional Neural Net-
works (CNNs) operate on regular grids (e.g., images), GCNs are capable of processing
graph-structured data with arbitrary topology.

In a GCN, each node updates its feature representation by aggregating the features of
its neighbouring nodes via a graph convolution operation, formulated as:

HED = 5 (D—%AD—%H<k>W<k>) , (5)

where A = A+ I is the adjacency matrix with added self-loops, D is its corresponding
degree matrix, H*) denotes the node feature matrix at the k-th layer, and W® is the
trainable weight matrix of that layer.

The first task of GCN is feature propagation, which transmits a node’s features to its
neighbours. This propagation process can be expressed as:

H' = AH, (6)

where H is the current node feature matrix and H’ is the propagated feature matrix.
The propagated features are then transformed linearly and passed through a nonlinear
activation function [24]:

a*Y = o (H'WW) (7)
A

To maintain numerical stability during propagation, a normalised adjacency matrix
is employed:

H' =D 2AD 2 H. (8)
Through iterative propagation and aggregation, GNNs can efficiently capture complex
dependencies and relationships in graph-structured data. As a representative model, GCN

enables effective feature extraction and representation learning by performing convolution
operations directly on graphs.

2.2. Principles of Transformer. The Transformer model, as an innovative deep learn-
ing architecture, is particularly suitable for processing sequential data, such as Natural
Language Processing (NLP) tasks. Compared with traditional Recurrent Neural Net-
works (RNN) and Long Short-Term Memory (LSTM) models, Transformer achieves more
efficient parallel computation and longer sequence-dependent modelling through the self-
attention mechanism [24, 25].

2.2.1. The basic architecture of Transformer. The Transformer model consists of an En-
coder and a Decoder, each composed of several identical layers stacked on top of each
other. Each Encoder and Decoder layer contains the following two main parts.

(1) Multi-head self-attention mechanism: the self-attention mechanism captures the de-
pendencies within a sequence by calculating the similarity of the features at each position
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in the input sequence to the features at all other positions [26]. The computation of the
self-attention mechanism is as follows:

Attention(Q, K, V') = softma <QKT) V. (9)
on y Ly = X\ —F/—— )
Vg

where ), K, and V denote the Query matrix, Key matrix and Value matrix respectively;
dy is the dimension of the key vector.
The computation of the multi-head self-attention mechanism is shown as follows:

MultiHead(Q, K, V) = Concat(heady, heads, . . . , head,)W©°, (10)

head; = Attention(QW<, KWK VWwY), (11)

where W2, WX WY and WO are learnable parameter matrices.

(2) Feed-Forward Neural Network (FEN): the feed-forward neural network in each en-
coder and decoder layer is a fully connected network applied independently to each posi-
tion.

FFN(ZL’) = maX(O, l’Wl + bl)WQ + bQ, (12)

where Wy, Wy are weight matrices and by, by are bias vectors.

( Softmax ]

& Norm | o Addf&Norm

[ Feed ] [ Multi Head ]
Forward Attention
A

11

. Add & Norm . Add & Norm
Mult Head Masked
Attention Multi Head
AttP:ntion
. Positional
Positional —+ -+ Encodin
Encoding g
Input Output
Embedding Embedding
f f
Inputs Outputs(shifted right)

Figure 1. Structure of the Transformer.
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2.2.2. Position encoding. Since the Transformer model does not have inbuilt sequential
information, position encoding is required to provide information about each position in
the sequence [27]. Position Encoding (PE) can be generated by sine and cosine functions:

. . pos
PE(pOS7 27,) = Ssin <m> s (13)

POS
100002i/d'm0del )
where pos denotes the position, ¢ denotes the dimension index, and d,,,,4¢; is the dimension
of the model.

PE(pos,2i+ 1) = cos ( (14)

2.2.3. Encoder-decoder architecture. The encoder maps the input sequence to a set of
consecutive representations, and the decoder generates the output sequence based on these
representations. Information is transferred between the encoder and decoder through the
self-attention mechanism and the interactive attention mechanism. The output of the
encoder is used as one of the inputs to the decoder. The decoder also uses the self-
attention mechanism to process the outputs that have been generated earlier, ensuring
that each step of the generation takes into account the entire input sequence and the
previous outputs. The structure of the Transformer is shown in Figure 1.

3. ST-EDRGNN based convention visitor flow prediction.

3.1. Overall framework design. The spatio-temporal constant differential Reformer
graph neural network (ST-EDRGNN) proposed in this paper consists of two key compo-
nents: the S-GNN and the Reformer layer. The S-GNN layer is used to capture spatial
relationships between different areas of the convention centre, while the Reformer layer
is used to capture the long-range temporal dependencies in visitor flow data. The overall
framework is shown in Figure 2.

First, the S-GNN layer is responsible for node representation and initialisation. Each
node represents a region of a convention centre. The initialised node feature matrix X
contains visitor flow data, historical data and other relevant features for each region.
Then, the node feature representation H is updated by capturing the spatial relationship
between each region through GCN. The core of the graph convolution operation is to
aggregate and transform the features of each node so that the node features contain
information about its neighbouring nodes, as in Equation (5).

The Reformer layer is responsible for long-range temporal dependency modelling. The
Reformer layer captures long-range temporal dependencies in visitor traffic data through
the Local Sensitive Hash (LSH) Attention mechanism and reversible residual networks.
Compared with the traditional Transformer model, Reformer has higher efficiency and
lower memory footprint in processing long sequence data.

Finally, the prediction layer consists of a fully connected network and output. The
features processed by the S-GNN and Reformer layers are input to the fully connected
layer, which outputs the predicted visitor traffic. The fully connected network maps the
features to the target output space to achieve the prediction of visitor traffic at future
moients.

3.2. Data preprocessing. Firstly, the visitor flow data of the convention centre needs
to be transformed into graph structure data and feature matrix. It is assumed that the
convention centre can be divided into several regions, and the visitor flow of each region
can be represented as a node. The connection between nodes indicates the direct access
or spatial proximity between regions.
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Figure 2. Framework of the ST-EDRGNN.

The neighbourhood matrix A € R¥*Y is used to describe the connectivity relationship
between nodes, where N denotes the number of regions. If there is a direct channel or
spatial proximity relationship between region i and region j, then A;; = 1; otherwise,
Aij - 0

The feature matrix X € RY¥*F describes the features of each node, where F' denotes
the dimension of the feature. For example, the features of each node may include visitor
traffic at the current time step, historical visitor traffic, weather information, and so on.

Through the data preprocessing steps described above, the raw visitor flow data is
transformed into an input form suitable for GNN, enabling the model to make full use of
spatial and temporal information for prediction.

3.3. Spatial feature learning module based on ordinary differential equation.
The spatial feature learning module is designed based on Ordinary Differential Equa-
tion (ODE) to capture the complex spatial relationships between different areas of the
convention centre. By modelling ODE, we are able to model the propagation of spatial
information as a continuous dynamic process, and thus describe the dependency of visitor
flow between different zones more accurately.

First, given a graph G = (V, E') representing the regions of the convention centre, where
V' denotes the set of nodes, each representing a region, and E denotes the set of edges
representing the connections between regions. Let the adjacency matrix be A € RV*V
and the node feature matrix be X € R¥*¥ where N is the number of nodes, and F is
the dimension of the features.

Based on GCN, we introduce ODE to model the change of node features. First, we
define the rate of change of node features at time ¢:

dH(t

%:H(t)x(A—I)—i—H(t)x(U—I)+H(O), (15)
where H(t) denotes the node identity matrix at time ¢, I is the unit matrix, U is the time
transformation matrix, and H(0) is the initial node identity matrix.
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The above ordinary differential equation can be further converted into an integral ex-
pression to describe the evolution of nodal features in the time dimension:

H(t) = /Ot (H(O) x A, x U, x WT> dr, (16)

where flT, U, and W, denote the representations of the regularised adjacency matrix, the
temporal transformation matrix and the eigen-transformation matrix at time 7, respec-
tively. By further simplification and transformation, we obtain:
dH (t N
%:H(t)x(A—I)—l—H(t)><(U—I)+H(0). (17)
Based on the above ordinary differential equations, we define the graph ordinary dif-
ferential equation learning framework:

H(t) = ODESolver (%t(t), H(O),t> : (18)

where ODESolver denotes the numerical solver used to solve the ordinary differential
equations. In our model, the Eulerian solver is used to compute the evolution of node
features over time.

The spatial feature learning module is able to effectively capture the spatial dependen-
cies between the various regions of the convention centre. By continuous modelling of
ordinary differential equations, we avoid the problem of excessive smoothing due to the
increase in the number of layers in the traditional graph neural network, thus improving
the ability to capture complex spatial relationships. By modelling the propagation process
of node features as a continuous dynamical system, we are able to reflect more accurately
the dynamic changes of visitor flow in each region.

3.4. Reformer-based temporal feature learning module. The temporal feature
learning module uses the Reformer model to model time-series data of convention visitor
traffic. The Reformer model is an improved version of the Transformer model designed to
handle long-series data, and reduces computational complexity and memory consumption
by means of the LSH Attention mechanism and Reversible Residual Network (RRN).

The core of the Reformer model lies in its improvement on the traditional Transformer
model, which consists of two main aspects.

(1) LSH Attention: With LSH Attention, Reformer can effectively reduce the com-
putational complexity of long sequence data, reducing the complexity of the attention
mechanism in the original Transformer from O(L?) to O(Llog L), where L is the sequence
length.

LSH Attention simplifies the computation of the attention mechanism by splitting the
input sequence into different hash buckets through a hash function. The specific steps are
as follows:

(a) Sequence partitioning: the input sequences () and K are partitioned into different
hash buckets by a hash function such that similar elements are grouped into the same
bucket [28].

(b) Bucket sorting: within each hash bucket, elements are sorted according to their
position in the original sequence.

(¢) Chunking: the sorted elements are divided into multiple chunks for parallel process-
ing.

(d) Calculate attention: for each element in the block, calculate the attention weights
and perform a weighted sum.
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The specific calculation for LSH Attention is as follows:

Zi:h(ki):h(kq) Ui

Attention(q) = (19)

2 jih(ky)=h(ky) |

(2) Reversible Residual Network: Reversible Residual Network allows recalculation of
the intermediate activation values during backpropagation, thus significantly reducing the
memory footprint and improving the training efficiency of the model. In the Reformer
model, the Reversible Residual Network allows the recalculation of intermediate activa-
tion values during backpropagation, thus reducing the memory footprint. Its forward
propagation and backpropagation are computed respectively as follows:

Forward propagation:

y1 = x1 + Att(z2), (20)

ys = x2 + FFN(y1), (21)
Backward propagation:

1 =y — Att(zg), (22)

xz = y2 — FFN(y1), (23)

where Att denotes the attention mechanism and FFN denotes the feed-forward neural
network.

In convention visitor traffic forecasting, the Reformer model is used to capture long-
range temporal dependencies in time-series data. Firstly, the convention visitor traffic
data is transformed into serial form and input into the Reformer model for processing.
With LSH Attention and the reversible residual network, the model is able to efficiently
capture the long-range dependencies and change patterns in the visitor flow data.

The module implementation steps are as follows.

Step 1: Transform the preprocessed convention visitor traffic data into an input format
suitable for the Reformer model, containing time-series features of visitor traffic.

Step 2: Encode the input data and extract temporal features using the Reformer model.
Specifically, it includes the parallel computation of LSH Attention and the efficient pro-
cessing of reversible residual network.

Step 3: The encoded temporal features are fed into the subsequent prediction layer to
enable prediction of unvisited traffic.

Through the above steps, the Reformer model is able to effectively capture the dynamic
change patterns in the convention visitor flow data in the temporal feature learning mod-
ule, thus providing accurate temporal features for subsequent flow prediction.

4. Analysis of experimental results.

4.1. Experimental environment and dataset. In order to verify the effectiveness of
ST-EDRGNN in convention visitor traffic prediction, we designed a series of experiments.
The experiments were conducted in well-configured hardware and software environments,
and representative real datasets were selected for evaluation.

For the experimental environment, we used a powerfully configured computer. The
operating system is Windows 10 with an Intel Core i7-8750H @ 2.20GHz central processing
unit (CPU) and an NVIDIA GeForce RTX 3090 Ti 24GB graphics processor (GPU). The
whole machine has 16GB RAM and 1TB hard drive, which provides sufficient computing
resources and storage space for data processing and model training. The programming
language chosen is Python 3.10, and deep learning frameworks such as TensorFlow 1.14.0
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and PyTorch are used. The integrated development environment (IDE) is Anaconda3-
Windows-x86_64, which facilitates package management and environment configuration.
The experimental environment is shown in Table 1.

Table 1. Experimental environment

Hardware/Software Configuration

Operating system Windows 10

Central Processing Unit (CPU) Intel Core i7-8750H @ 2.20GHz
Graphics Processor (GPU) NVIDIA GeForce RTX 3090 Ti 24GB
Random access memory (RAM) 16GB

Hard drive 1TB

Programming language Python 3.10

Deep learning frameworks TensorFlow 1.14.0, PyTorch

Integrated Development Environment (IDE) Anaconda3-Windows-x86_64

In terms of datasets, we chose two main datasets for our experiments. Dataset A is
derived from the visitor flow records of a large convention centre, spanning from 1 January
2022 to 30 June 2022, a period of 6 months, with data recorded every 5 minutes. The
features of this dataset include visitor flow, weather information, holiday information, etc.,
and the total number of records is 51,840 (288 time slices per day for 6 months). Dataset
B is derived from the visitor flow records of another large convention centre, spanning the
period from 1 July 2021 to 31 December 2021, for a period of 6 months, again with data
recorded every 5 minutes, and features such as visitor flow, weather information, holiday
information, etc., with a total record count of 51,840 as well.

Before the experiment, we carried out a comprehensive pre-processing of the data.
Firstly, missing data points were filled in using linear interpolation to ensure the continuity
and completeness of the data. Secondly, in order to eliminate the difference in magnitude
between different features, all numerical features were normalised so that their value
domains were between 0 and 1. Finally, the adjacency matrix A is constructed based on
the actual connectivity between the various areas of the convention and exhibition centre,
and the feature matrix X is constructed based on the visitor flow data.

4.2. Assessment indicators. In order to ensure the objectivity and accuracy of the final
experimental results, the following three assessment metrics were used in this study to
evaluate the performance of the model: Mean Absolute Error (MAE), Root Mean Square
Error (RMSE) and Mean Absolute Percentage Error (MAPE). These evaluation metrics
are widely used in time series forecasting tasks and can effectively measure the forecasting
performance of the model.

1 n
MAE:— i—AZ', 24
n;:lly Uil (24)

where y; denotes the actual visitor flow data, y; denotes the predicted visitor flow data,
and n is the sample size.

n

RMSE = | - > i — o), (25)

n <
=1

~

Yi — Yi
Yi

MAPE = lzn:

n <
=1

x 100%. (26)
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4.3. Comparison of the performance of different models. In order to validate the
effectiveness of the ST-EDRGNN based model, we compared it with several common base-
line models. These baseline models include the ARIMA, LSTM, the Transformer model,
as well as the traditional GCN and the GCN-LSTM. We performed a detailed performance
comparison on both datasets and the results are shown in Table 2 and Table 3.

Table 2. Dataset A

Model RMSE MAE MAPE (%)
ARIMA 2.310  1.870 4.51
LSTM 2.105  1.725 4.25
Transformer 2.050 1.690 4.15
GCN 2.300  1.860 4.45
GCN-LSTM 1.980  1.640 4.00
ST-EDRGNN 1.750  1.480 3.85

Table 3. Dataset B

Model RMSE MAE MAPE (%)
ARIMA 2.350  1.900 4.60
LSTM 2.150  1.750 4.30
Transformer 2.080 1.700 4.20
GCN 2.320  1.880 4.50
GCN-LSTM 1.990 1.660 4.05
ST-EDRGNN 1.770  1.500 3.90

On dataset A, the ST-EDRGNN model has an RMSE of 1.750, which is significantly
better than the other models, and the closest is the GCN-LSTM model with an RMSE
of 1.980, which is 0.230 better than the ST-EDRGNN. On dataset B, the ST-EDRGNN
has an RMSE of 1.770, which is also better than the other models. On dataset A, ST-
EDRGNN has a MAE of 1.480, which is significantly lower than the other models, with
the closest being GCN-LSTM at 1.640, which is 0.160 higher than ST-EDRGNN. On
dataset B, ST-EDRGNN has a MAE of 1.500. On dataset A, ST-EDRGNN has a MAPE
of 3.85%, which is significantly lower than the other models, and the closest is 4.00% for
GCN-LSTM, which is 0.15 percentage points higher than ST-EDRGNN. On dataset B,
ST-EDRGNN has a MAPE of 3.90%, again better than the other models. The lower
MAPE value indicates that ST-EDRGNN also has a significant advantage in terms of the
relative error of the prediction results.

[t can be seen that the ST-EDRGNN model significantly outperforms other models in all
three metrics, RMSE, MAE and MAPE, especially in capturing spatio-temporal features.
This is attributed to the fact that the ST-EDRGNN model combines ordinary differ-
ential equations and the Reformer model, which is able to capture the spatio-temporal
dependencies in the visitor flow data more effectively.

5. Conclusion. In this paper, a convention and exhibition visitor flow prediction method
based on ST-EDRGNN is proposed, which effectively solves the limitations of traditional
prediction models in dealing with complex spatio-temporal dependencies and long time
dependencies. By introducing a graph neural network, the model is able to capture
the spatial relationships between different areas of the convention and exhibition centre
more accurately, and combined with a spatial feature learning module based on ordinary



Convention Visitor Flow Prediction on Spatio-Temporal GNN 2121

differential equations, it improves the dynamic modelling capability of spatial information.
In addition, the Reformer model utilises LSH Attention and Reversible Residual Network
(RRN) to further enhance its ability to capture long time series data, ensuring the stability
and robustness of the prediction results. The following conclusions can be drawn from
the experiments conducted on two real convention datasets:

(1) The spatial feature learning module for graph neural networks combined with or-
dinary differential equations significantly improves the ability to model complex spatial
dependencies.

(2) The ST-EDRGNN model significantly outperforms other baseline models in the
three indicators of RMSE, MAE and MAPE, reflecting its superiority in the prediction
of convention visitor flow. Specific experimental results show that the RMSE of the ST-
EDRGNN model is 1.750 and 1.770, the MAE is 1.480 and 1.500, and the MAPE is 3.85%
and 3.90%, which are all superior to the traditional models such as ARIMA, LSTM and
GCN-LSTM.

Although the Reformer model has high computational efficiency and memory utilisation
when dealing with long time series data, this paper failed to demonstrate this in detail
in the experimental part. Future research should verify the computational efficiency
advantage of the Reformer model on large-scale datasets through more experiments.
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