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1 Introduction

Traffic Prediction: Predicting future traffic conditions such as traffic flow and speed from
historical traffic data.
e Spatial Dependency: Traffic conditions at one location are influenced by conditions at
neighboring locations.
e Temporal Dependency: Traffic conditions at the current time are influenced by
conditions from previous times.
Long-term Traffic Prediction: Time span exceeds one hour (Wang, Su, and Ding 2020).
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Spatial Temporal Graph Neural Networks (ST-GNNSs): Simultaneously managing
spatio-temporal dependencies by considering time-varying graph structures.
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e Message-passing in GNN: GNNs operate by recursively aggregating and updating
neighboring node features.

h(vt) — UPDATE(® (h(vt—l)’AGG(t) ({hl(ltfl) | ue N(V)})) (1)

N(v) is the set of neighboring nodes of node v.

e Bottleneck of GNNSs: information from a node's exponentially-growing receptive field is
compressed into a fixed-size vector.
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1 Introduction

e Over-squashing (Alon and Yahav 2021): Information from distant nodes is overly
compressed, reducing the accuracy of long-term forecasting.

e A Transportation Example: An accident occurring at the westernmost point of a road
network needs to propagate through multiple intermediate points to reach the
easternmost point.
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1 Introduction

Virtual Node: Virtual nodes are connected to all real nodes in the network, acting
as intermediary hubs facilitating information aggregation across the entire graph.

Virtual Node

Message Passing

e Mitigating over-squashing
¢ Improving long-term prediction accuracy
5/21 e Providing model explainability
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2 Methodology

Traffic Flow
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Semi-adaptive Adjacency Matrix Predictions

Graph Rewiring

Adjacency Matrix:
e Distance-based: Leaverage geographical information.
e Adaptive: task-specific learning.
7/21 e Semi-adaptive: Integrate distance-based and adaptive matrix.



Institute of
Technology

Distance-based Adjacency Matrix I||-- Massachusotts
2 Methodology

Distance-based Adjacency Matrix

e dj is the distance between nodes i and j. Smaller distance indicates stronger connection.

d? d;
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Agist, ij = P ( ’ P (2)
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Node Embedding

Distance-based Adjacency Matrix - ® g ' Semi-adaptive Adjacency Matrix Predictions

Graph Rewiring

e Consturcting anti-symmetric matrix for uni-directional connections (Wu et al. 2020):
Aadapt = ReLU(El : E2T - Ex- Eir) (3)

e E;, E; € RUVIHM)*d gre learnable node embedding matrices. |V is the number of real

9/21 nodes, and n, is the number of virtual nodes.
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Graph Rewiring

o Concatenating Agiss and A,dapt

Agist
Asemi =

10/21 Aadapt,virtual,to,real

Semi-adaptive Adjacency Matrix Predictions

Aadapt,realtovirtualj| (4)

Aadapt,virtual,nodes
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The dataset used for this research is sourced from the San Diego (SD) subdataset in
the LargeST benchmark dataset (Liu et al. 2024).

Attribute Value
Nodes 716
Edges 17,319
Average Degree 24.2
Density 0.0338
Time Range 01/01/2017 — 12/31/2021
Sampling Rate 5 minutes
Time Frames 525,888
Data Points 0.38B
Table: Detailed Characteristics of the Figure: Visualization of Sensor

12/21 SD Dataset. B: billion (10°) Locations in San Diego
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e Q1: Do virtual node alleviate over-squashing?
e Q2: Do virtual node improve long-term traffic prediction?

e Q3: How does virtual node provide explainability?
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Q1: Do virtual node alleviate over-squashing?

Definition: Layer-wise Sensitivity

Layer-wise Sensitivity? is defined as the L; norm of the gradient of the k-th layer's embedding
of node x h{ with respect to the input layer's embedding of node y hﬁo):

oh)

an ||,

Sensitivity, (x, y) = ‘

?Keyulu Xu et al. (2018). “Representation learning on graphs with jumping knowledge
networks”. In: International conference on machine learning. PMLR, pp. 5453-5462.

o Influence score: Sensitivi Sensitivi
ensitivit , ensitivit ,
—

X1, X2 are the two geographically most distant nodes in the graph.
14/21 e A lower influence score indicates a more severe over-squashing problem
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e Adding virtual node increases influence score as the number of layers
15/21 increases.
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Q2: Do virtual node improve long-term traffic prediction?

Table: Improvement in Traffic Prediction Accuracy with and without Virtual Nodes

Model MAE (%) MAPE (%) RMSE (%)
Overall Long-term Overall Long-term Overall Long-term

STGCN 3.22% 3.71% 3.31% 4.23% 4.81% 6.13%
ASTGCN  2.01% 2.13% 4.67% 3.14% 0.789% 1.09%
GWNET  3.32% 3.98% 2.43% 5.37% 3.19% 4.91%

e Overall: average values in 5-100 minutes; Long-term: average values in 75-100
minutes.

e Virtual nodes enhance traffic prediction accuracy, especially in long-term
16/21 prediction.
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Q3: How does virtual node provide explainability?

Figure: Heatmap of real to virtual adjacency matrix
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18/21 o \Weights at road intersections are higher.
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e Tested models:

o Distance-based adjacency matrix: STGCN, ASTGCN
o Distance-based + adaptive adjacency matrix: GWNET

e Next step: Test on models with fully adaptive adjacency matrix, such as AGCRN.

e Target journal: Transportation Research Part C: Emerging Technologies
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Thank you for listening !
Any Questions ?
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