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Background: Personalized Route Recommendation

Road network is the core component of urban transportation, and it
is widely useful in various traffic-related systems and applications.

It is essential to develop general, effective and robust road network
representation models.



Background: Road Network Modeling

Early Studies:

Consider its adjacency matrix as constraint of neural network.

Use standard graph algorithm.

Neural Network Based MethodStandard Graph Algorithm



Background: Graph Representation Learning

Graph Neural Network: a rising method. 
Design different message passing mechanism between nodes.

Capture various kinds of context information on graph.  

Graph Neural network is a promising way to model road network.



Background: Motivation

Our idea

Road Network is a kind of typical graph data.

Our idea is to model road network by graph neural network to provide 

high-quality road representations for down-streaming tasks.

Graph Neural Network is able to generate high-quality node
representation that capture various characteristics of graph.



Background: Key Research Problems

Road network naturally has a hierarchical structure.

Road network is not “small-world”.

It’s difficult to model the functional role of a traffic unit

based on network structure

Hierarchical Road Network Representation model

Transportation hub and commercial area

Tending to have long average paths

Determining if a road is shopping mall 



Background: Problem Definition

Road Network

Structural Region

Functional Zone

Representation Learning on Road Network

Node：location

Edge: road segment

A structural region is composed of a set of of

spatially connected road segments.

A functional zone consists of multiple 

structural regions.

Given a road network, we aim to construct the corresponding hierarchical road network.

Route Segment A traffic unit on road network



Graph Convolution Networks

Graph Attention Networks

Background: Review of GCNs and GATs

Calculate the weight of neighbor node by attention mechanism

Takes a weighted average of neighbor representations according to adjacent matrix



HRNR: Overall

Reconstruction
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HRNR: Contextual Embedding

Embedding Rich Context Information

ID, lane number, segment length, longitude 
and latitude.

Initializing the graph node embedding
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HRNR: Modeling Structural Regions

Constructing Structural Regions by Spectral 
Clustering

Membership matrix generated by spectral clustering.

Learning Region Representations with 
Assignment Matrix
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Generate region representations 𝑵𝑅 and adjacency 
matrix 𝑨𝑅 for region nodes.



HRNR: Modeling Structural Regions

Learning Assignment Matrix by Network 
Reconstruction.
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segment representations based on assignment matrix, 
and reconstruct the road network with the approximated 
segment representations



HRNR: Modeling Functional Zones

Learning Zone Representations with 
Assignment Matrix.
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Generate zone representations 𝑵𝑍 and adjacency matrix 𝑨𝑍
for zone nodes based one region representations.



HRNR: Capturing Functional Characteristics

Constructing connectivity matrix
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𝑪 considers the connectivity in terms of both road 
network structure and human moving behavior.

We try to reconstruct the connectivity matrix based 
one zone representations.



HRNR: Hierarchical Update Mechanism

Zone-level Update.

We update zone representations and prepare them for message 
passing to the next level.
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We adopt a standard Graph Convolutional Network (GCN) to 
update the zone embedding.



HRNR: Hierarchical Update Mechanism

Region-level Update.

At the region level, it first updates its own embedding representations 
by adopting standard GCN.
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We forward the region embeddings to the next level for updating the 
segment representation.

Segment-level Update.



NASR: Model Training

Pretrain

Optimize Loss_1 and Loss_2 to
acquire the assignment matrices.

Apply to Down-streaming Tasks

We apply the the node
embeddings to various
downstream application.



Experiments: Data Description

Map 
Matching

Remove stay points 
and noisy points

Raw
Trajectories

Processed 
Trajectories

Road network from 
OpenStreetMap

Final Datasets



Experiments: Metric and Baselines

Evaluation Metrics Benchmarks

MDW [KDD 2017]: Extended DeepWalk.

IRN2Vec [SIGSPATIAL 2019]: Road Network 

Embedding

GAT [ICLR 2017]: Graph Attention Network

Geo-GCN [ICLR 2020]: Extended GCN

DP-GCN [NIPS 2018]: Differentiable graph 

pooling model.



Experiments: Effectiveness

We discuss four types of tasks：
Next Location Prediction, Label Classification, Destination Prediction, Route Planning



Experiments: Effectiveness

Our proposed model HRNR performs best among the

comparison methods.



Experiments: Detailed Analysis

Learned Regions

Learned Zones

It is clear to see that GAT mainly focuses on 

very close neighbors in spatial position, while 

our model indeed captures influencing road 

segments in a long range



Conclusion

We proposed a hierarchical graph neural network by
characterizing the hierarchy“functional zones” →
“structural regions” → “road segments”.

We carefully devised two useful reconstruction loss functions
to capture both structural and functional characteristics.

A hierarchical update mechanism was also given tailored to
our network architecture.


