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RESUMO

O planejamento do trânsito urbano em áreas densamente povoadas é um desafio que

constantemente requer soluções eficazes. Redes viárias urbanas podem ser representadas

por grafos, ajudando agentes decisores a visualizar e incorporar informações extraídas da

estrutura da cidade. Redes Neurais de Grafos (GNNs do inglês Graph Neural Networks) são

redes neurais artificiais projetadas para aprender com as informações e estrutura dos Grafos.

No entanto, suposições implícitas importantes que baseiam as GNNs de uso geral não se

aplicam aos grafos de redes viárias e o aprendizado com esse tipo de grafo pode exigir GNNs

especializadas. Este estudo investiga o desempenho de GNNs especializadas e de uso geral

na estimativa de tempos de viagem de fluxo livre em redes viárias urbanas de doze cidades em

todo o mundo. Há ênfase nas Redes Relacionais de Fusão (RFNs do inglês Relational Fusion

Networks), que são GNNs especializadas e com resultados competitivos na literatura. Os

resultados de desempenho das GNNs selecionadas para a tarefa de regressão em arestas são

obtidos para comparação. Eles confirmam o melhor desempenho das RFNs e destacam o papel

das diferentes funções de fusão no desempenho da regressão. Além disso, este estudo explora

a capacidade das RFNs de extrapolar o conhecimento aprendido para diferentes cidades. A

investigação analisa ainda as características estruturais das cidades, visando compreender a

influência destas nos mecanismos de aprendizagem da RFN e na sua capacidade de extrapolar

conhecimento.

Palavras-chave: rede neural para grafo; rede viária urbana; regressão; predição de tempo de

viagem para fluxo livre; cidade inteligente.



ABSTRACT

Urban transit planning in densely populated areas is an urban design challenge that constantly

requires effective solutions. Urban road networks can be represented by graphs, helping

decision-makers visualize and further incorporate information learned from the cities’ structure.

Graph Neural Networks (GNNs) are artificial neural networks designed to learn from graphs’

information and structure. However, important implicit assumptions of general-purpose GNNs

do not hold for urban road network graphs and learning with this type of graph may require

specialized GNNs. This study investigates the performance of both general-purpose and

specialized GNNs to estimate free-flow travel times in urban road networks of twelve cities

worldwide. Emphasis is given to Relational Fusion Networks (RFNs), specialized GNNs with

competitive results in the literature. Edge regression results of the selected GNNs are obtained

for comparison. They show that RFNs perform better and highlight the role of different fusion

functions on the regression performance. Additionally, this study explores RFNs’ capacity to

extrapolate learned knowledge to different cities. The investigation also searches through cities’

structural characteristics, aiming to comprehend their influence on RFN’s learning mechanisms

and its capacity to extrapolate knowledge.

Keywords: graph neural network; urban road network; regression; free-flow travel time predic-

tion; smart city.
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1 INTRODUCTION

The social organization of the world population has changed throughout history, espe-

cially regarding its relationship with inhabited spaces. Industrialization made urban centers more

attractive to big concentrations of economically active people. Several social and environmental

issues, resulting from geographic migrations that often do not occur in a sustainable way, add

up to challenges of allocation and movement of people in urban areas with constant increase of

population density. This scenario demands innovative solutions, especially for public transport

and logistics inside cities (ALBINO; BERARDI; DANGELICO, 2015)

Over the last decades, technological advancements have brought new tools to enhance

or propose sustainable solutions for urban issues. Technology can instrument and connect urban

infrastructure, leveraging collective development and originating Smart Cities (HARRISON et

al., 2010) (ALBINO; BERARDI; DANGELICO, 2015). In this context, collective knowledge and

creativity improve urban design and planning for the community benefit (EGER, 2009).

Urban design is the technical process of shaping the physical features of cities to provide

services to people. It deals with a city considering the big picture of buildings, infrastructure, pub-

lic spaces and streets, aiming to design equitable and sustainable urban environments (KARIMI,

2012). Commonly, street systems are represented by networks when investigating urban de-

sign and planning problems (BOEING, 2017). In fact, urban street analysis has been central

to network science since the 18𝑡ℎ century, when Leonhard Euler published "Seven Bridges of

Königsberg", launching the foundations of graph theory and prefiguring the idea of topology

(SHIELDS, 2012). Classic literature on urban design has later focused on urban form (STRANO

et al., 2013), transportation (PARTHASARATHI; LEVINSON; HOCHMAIR, 2013), and the topol-

ogy, complexity, and resilience of urban networks (PORTA; CRUCITTI; LATORA, 2006).

Computation techniques, like machine learning, can help with urban design challenges.

The success of deep learning techniques has already revolutionized several research fields and

is recently being extended to cover problems posed on irregular domains, in which data is usually

represented through graphs or networks. Graph representation learning models explicitly lever-

age latent representations of connections between nodes and are highly based on the concepts

of homophily1 and structural equivalence2. Important works on graph representation learning

address node classification tasks in social (YING et al., 2018; SILVA; SILVER, 2024), citation

(KIPF; WELLING, 2016), and chemical or biological networks (GILMER et al., 2017) (ZITNIK;

AGRAWAL; LESKOVEC, 2018).

Learning with urban street networks though, differs substantially from such tasks and

might require specialized architectures and techniques (JEPSEN et al., 2018). Therefore, in

addition to general purpose Graph Neural Networks (GNNs), the present work explores Rela-

tional Fusion Networks (RFNs). Designed for machine learning on road networks, RFN’s basic

1 When nodes tend to share attributes with their neighbors (ZHOU et al., 2004)
2 When nodes with similar neighborhood structure will have similar attributes (DONNAT et al., 2017)
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premise is to learn representations based on two distinct, but interdependent views: the node-

relational and edge-relational views (JEPSEN; JENSEN; NIELSEN, 2020). Whatever the ad-

dressed model, generic or specialized, the graph representation of a city can be consumed by

deep learning algorithms to evaluate existing transportation systems and network flow charac-

teristics.

1.1 Problem description

The majority of the literature on road network graph learning is interested in spatiotem-

poral models applied to time series prediction in urban environments. Despite the possible con-

tributions to urban design challenges, not many works have explored road network static char-

acteristics’ representation and regression. This work does not explore any temporal traffic data.

It aims to solve a regression task for a specific edge characteristic: the free-flow travel time for a

driving vehicle, a static measure dependent on structural information like street type, length and

maximum legal driving speed.

The present work addresses the task of estimating the free-flow travel time of street seg-

ments based on their neighborhoods in the graph. Solving this task can enhance the evaluation

of new infrastructure proposals and alternatives to current urban street layouts, enriching urban

design decisions with structural and topological data, collectively collected from cities’ street net-

works. A city street network can also be called an urban street network graph (BOEING, 2017)

or, simply, a Road Network Graph3 (JEPSEN et al., 2018).

The central theme of this work is, therefore, the exploration of graph representation learn-

ing techniques for the edge (i.e., street segments) regression problem on Road Network Graphs,

a task significantly related to spatial and structural information extracted from cities. General pur-

pose and road network-oriented graph learning techniques will be presented and evaluated on

their respective regression performance.

1.2 Objective and research questions

The main objective of the present work is to apply graph neural networks (GNNs), rela-

tional fusion networks (RFNs) in particular, to the edge free-flow travel time regression on Road

Network Graphs, comparing models, exploring training techniques and investigating their repre-

sentation and extrapolation capacities.

This work adds perspective on using GNNs to edge regression problems on Road Net-

work Graphs by:

3 The term road network graph will be used in this work, even though it is perfectly interchangeable with
urban network graph and similar variants.
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• exploring different graph representation learning models applied to a Road Network

Graph (Aalborg, DK), by testing different loss functions when training for the free-flow

travel time regression task;

• exploring mini-batching training with different batch sizes and compiling information on

each model: training computation time and final test performance;

• comparing general-purpose GNNs with models specifically designed for road network

tasks (i.e, RFNs) to understand which one has the best expressiveness power;

• testing each model on different urban drivable networks from twelve cities worldwide,

whose Road Network Graphs have been made publicly available;

• understanding the extrapolation capacity of models trained with a given city road net-

work by testing it on different city networks;

• investigating which global features of Road Network Graphs can enhance or diminish

the model extrapolation power.

The following research questions should be addressed:

1. Are GNNs a good fit for Road Network Graph edge regression tasks?

2. How does mini-batch in gradient descent algorithm influence GNNs’ performance?

3. How well RFNs extrapolate to new Road Network Graphs?

1.3 Contribution

The main outcomes of this work are i) the extension of the edge regression task analysis

to eleven new cities worldwide; ii) the exploration of mini-batching effects on GNNs training for

this specific task and, especially, iii) the RFN’s extrapolation capacity analysis. Additionally, a

dataset with twelve different cities worldwide has been made publicly available4. It provides sup-

port to the free-flow travel time regression task benchmark on Road Network Graphs. Moreover,

the dataset can be easily expanded by including other city data.

The following conference paper has been accepted for publication in a national workshop

(CoUrb 2024) with comparisons of RFN variants for the regression task, including an analysis of

their representation and extrapolation capacities (CERVI et al., 2024):

CERVI, T. E. et al. Regression performance of relational fusion networks on urban road

networks. In: Anais do VIII Workshop de Computação Urbana. Porto Alegre, RS, Brasil: SBC,

2024.

4 https://github.com/tcervi/cpgei-rng-dataset
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1.4 Organization

Chapter 2 presents a literature review on machine learning techniques for solving the

problem of representation learning on graphs. Chapter 3 introduces five models selected to be

tested and explored along this work, detailing previous work on machine learning for road net-

works, including original results and the gaps, part of them addressed in the present work. Chap-

ter 4 presents the proposed methodology, encompassing the data representation model, the

assembled Road Network Graph dataset, the select machine learning tools, including software

and hardware, and the schedule of planned experiments. Chapter 5 presents the experimental

results with conclusions and future work in Chapter 6.
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2 MACHINE LEARNING ON GRAPHS

Historical advances in computational processing power, both in hardware and software,

enabled the development of algorithmic implementation of statistical models that established

the foundations for machine learning algorithms. Learning, in this context, is the statistical fine-

tuning of parameters intrinsic to such models, i.e., weights and biases (SEUNG; SOMPOLIN-

SKY; TISHBY, 1992; ANTHONY; BARTLETT, 1999; VAPNIK, 2000).

Modern machine learning operates with large datasets to design rich function spaces

with the capacity to interpolate over data points. Such datasets usually store strictly defined

tensor-like1 data and models are adapted to exploit the low dimensional geometry arising from

physical phenomena, like grids in images and sequences in time series. Data points are always

assumed to be statistically independent from each other, otherwise, the dependencies would

have to be modeled, and identically distributed, otherwise, there is no guarantee that the model

generalizes to new and unseen data. This is known as the assumption of data independent and

identical distribution, IID (JACOBS, 1992).

The deep Convolutional Neural Network (CNN), for example, is a multi-layer gradient-

based learning technique that is extensively applied to image processing and uses the kernel

matrices method to process an entire image, scanning the data representation, in a grid-like

structure, for target patterns (LECUN et al., 1998; HUANG; LIU; WEINBERGER, 2016). It works

mainly because CNNs are models that respect translational invariance2, while strongly relying

on the locality assumption3.

Data, however, can be found in dispositions other than Euclidian tensor-like structures.

When handling complex systems, interesting tasks present data in an irregular domain that can

not be represented by a grid-like structure (VELICKOVIC et al., 2017). There are numerous prob-

lems in which the data can happen to be a collection of objects that come with a set of pairwise

interactions. Such data is then represented by networks, or graphs, which are a ubiquitous data

structure and a universal language to describe complex systems. The power of their formalism

lies both in its generality and its focus on relationships between points, rather than the properties

of individual points (HAMILTON, 2020).

Formally, a graph 𝒢 = (𝒱 ,ℰ) is defined by a set of nodes 𝒱 and a set of edges ℰ repre-

senting relations between nodes. An edge (𝑢,𝑣) ∈ ℰ , goes from node 𝑢 ∈ 𝒱 to node 𝑣 ∈ 𝒱 . For

directed graphs, the origin and destination nodes describe the edge direction and the reciprocity

is not guaranteed, while for undirected graphs (𝑢,𝑣) ∈ ℰ ↔ (𝑣,𝑢) ∈ ℰ . Locality on graphs is

described by neighborhoods. The neighborhood of a node 𝑢 in a graph is the set of nodes that

are connected to it by edges: 𝒩 (𝑢) = {𝑣 : (𝑢,𝑣) ∈ ℰ ∨ (𝑣,𝑢) ∈ ℰ}.
1 That is, the input data of a model has data points that share the same dimension
2 When patterns are points of interest irrespective of where they are in the image
3 The assumption is that neighboring data points (i.e., pixels) relate stronger than distant ones.
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A convenient way to represent a graph is through an adjacency matrix 𝐴 ∈ R|𝒱|×|𝒱|,

in which every node indexes a particular row and column. The presence of edges is then rep-

resented by entries where 𝐴[𝑢,𝑣] = 1 if (𝑢,𝑣) ∈ ℰ and 𝐴[𝑢,𝑣] = 0 otherwise. Commonly,

graph-structured data present a huge number of nodes, sometimes on the order of millions,

and the number of connections per node can be highly variable (PEROZZI; AL-RFOU; SKIENA,

2014). This leads to large sparse adjacency matrices whose computation is both memory and

processing inefficient. A memory-efficient way to represent a graph is through an adjacency list,

an array-like structure in which the connectivity of the 𝑒𝑘 edge between nodes 𝑛𝑖 and 𝑛𝑗 is

described by a tuple (𝑖,𝑗) on the 𝑘-th entry of the list (SANCHEZ-LENGELING et al., 2021).

Machine learning on graphs though, requires models that can learn from structured data

where the assumption of independent and identical distribution, IID, does not hold. Rather than

learning from a set of IID data points, it learns from an interconnected set of data points. Since

such representation supports an arbitrary pairwise relational structure, learning on graphs needs

a strong relational inductive bias beyond what CNNs can provide (BATTAGLIA et al., 2018).

Furthermore, graph learning tasks often blur the boundaries between the traditional ma-

chine learning categories: supervised and unsupervised learning. Different from usual super-

vised training settings, where unlabeled data is completely removed from training, the atypical

nature of the node classification task, for example, requires access to the full graph during the

training phase, including unlabeled elements that would be traditionally called test data. Training

only misses the labels of a given set of elements but uses any other information about it, its

neighborhood, and the graph structure as a whole. Therefore, learning on graphs can be consid-

ered a semi-supervised task (YANG; COHEN; SALAKHUTDINOV, 2016) (HAMILTON, 2020).

2.1 Graph embeddings

Initial approaches to graph representation learning were based on methods for learning

node embeddings, which are low-dimensional encoding vectors that summarize the node’s graph

position and the structure of its local neighborhood. These methods project nodes into a latent

space where geometric relations correspond to relationships in the original graph. Embeddings

are optimized so that distances in the latent space reflect the relative position of nodes in the

original graph (HOFF; RAFTERY; HANDCOCK, 2002).

Such embedding methods are categorized as shallow embedding methods. In essence,

embedding lookup methods are trained to generate a unique representation for each node. They

are quite limited in what they can provide for graph representation learning tasks. First, there

is no parameter sharing between nodes in the encoder, which makes the methods statistically

and computationally inefficient. Additionally, it does not leverage node, edge, or graph global

features during the encoding process and the majority of real graph-structured data have this

type of information available to be used. Finally, they are inherently transductive i.e., they can
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only generate embeddings for nodes that are available in the training phase and do not naturally

generalize to unseen nodes.

Embedding methods have been applied to Road Network Graphs context (JEPSEN et

al., 2018) (WANG et al., 2019) and results presented in Jepsen et al. (2018) have proved it to

differ significantly from the common graph embedding contexts (e.g., social networks), in terms

of node degree and level of homophily. The work presented by Jepsen et al. (2018) with Road

Network Graph embedding is, to the best of current knowledge, the first one to start exploring

the specificity of graph learning tasks on road network data.

2.2 Graph neural networks (GNNs)

While shallow embedding methods simply optimize a unique latent structural representa-

tion for each node, the Graph Neural Network (GNN) is a learning model that generates nodes’

representations with a strong dependency on both the structure of the graph and any additional

information that its components might have. It learns over a graph and generates an updated

version of the same graph structure, which can be useful, for example, on prediction tasks where

a prediction model could be trained based on the GNN output (HAMILTON, 2020).

To develop efficient GNN models though, some particularities of graphs need to be ad-

dressed. First of all, the nodes of a graph must not be assumed to be in any specific order.

In fact, a graph can exist in different forms that share the same number of nodes, edges, and

also the same edge connectivity. Such graphs are called isomorphic (WEISFEILER; LEHMAN,

1968; ZEMLYACHENKO; KORNEENKO; TYSHKEVICH, 1985) and techniques must be in place

to enforce that learning over isomorphic graphs leads to the same output results.

Secondly, GNNs can leverage feature information that a graph dataset might have at

the node, edge, and global levels, in contrast to shallow embedding methods. Taking node fea-

tures as an example, for a given node 𝑢 there is a neighborhood feature multi-set defined as

𝑀 (𝒩 (𝑢)) = {{x𝑣 : 𝑣 ∈ 𝒩 (𝑢)}}, where x𝑣 is the node feature vector.

Therefore, the building blocks for general graph learning models should be specialized in

leveraging graph characteristics, presenting a strong relational inductive bias (BATTAGLIA et al.,

2018). That is, such models should preserve relationships between entities (i.e., adjacency ma-

trix) and graph symmetries to ensure better predictive performance (e.g., for isomorphic graphs).

The key to developing efficient GNN models is to understand what properties are useful for op-

erating meaningfully on graphs and what symmetries and invariances must be preserved.

Set learning tasks theory is the foundation for GNN models (QI et al., 2016; ZAHEER et

al., 2017; XU et al., 2018b). Initially, a set can be seen as a graph without edges (i.e., ℰ = ∅).
Then, assuming the graph nodes have, each one, a feature vector x𝑖 of size 𝑘, all nodes feature
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vectors, x𝑖 ∈ R𝑘, can be stacked into a matrix 𝑋 |𝒱|×𝑘 and such matrix is a set of vectors. The

simple action of stacking vectors implies a given order, and a matrix 𝑋𝑛×𝑛 has 𝑛! permutations4.

When applying a Multi-Layer Perceptron (MLP) (RUMELHART; HINTON; WILLIAMS,

1986) on prediction tasks with a particular input 𝑋 |𝒱|×𝑘 = {x1,x2,...,x|𝒱|}, predictions would

not necessarily transfer to the same input reordered, for example, as 𝑋 |𝒱|×𝑘 = {x2,x|𝒱|,...,x1}
and 𝑛! permutations would require an exponential number of input and output examples for

an MLP to be able to learn an approximation function (BATTAGLIA et al., 2018). The takeaway

then, is that set learning tasks require an order-independent neural network (VINYALS; BENGIO;

KUDLUR, 2015).

Extrapolating the set learning theory to graphs, when using Adjacency Matrices 𝐴, it is

mandatory that all permutations of 𝐴 lead to the same representation output. That is, predictions

for graph contexts depend on symmetric functions. Then, Permutation Invariance is a required

property. It is said that a function 𝑓(𝑋) is permutation invariant if, for all permutation matrices,

𝑓(𝑃𝑋) = 𝑓(𝑋) holds. Such functions are useful for obtaining set-level outputs, but it is still

desirable for the final method to identify element-level output. So, if elements are permuted it

should not matter if it is done before or after the function is applied. This property is called

Permutation Equivariance and a function 𝑓(𝑋) is permutation equivariant if, for all permutation

matrices, 𝑓(𝑃𝑋) = 𝑃 𝑓(𝑋) holds.

Graph Neural Network models are then, optimizable transformations on all graph at-

tributes that rely strongly on permutation properties to preserve graph symmetries. A generic

recipe for such model would be to construct permutation equivariant functions 𝑓(𝑋,𝐴), by ap-

propriately applying local permutation invariant functions 𝑔(x𝑢,𝑀(𝒩 (𝑢))) over all nodes neigh-

borhoods (MENA et al., 2018; MURPHY et al., 2018).

In other words, a GNN model can be understood as a local shared learnable function 𝑔

that is applied to every neighborhood in isolation, mapping its multi-set set of features 𝑀 (𝒩 (𝑢))

to a latent space over which, later, will be applied a learnable function 𝑓 that produces an up-

dated version of the input graph, transforming its feature representations without changing its

connectivity, as shown on Figure 1. The permutation equivariant function 𝑓 and the permutation

invariant function 𝑔 are commonly refereed, respectively, as update and aggregation functions

on the GNN base literature (HAMILTON, 2020).

The basic Graph Neural Network (Equation 1) is the simplification of original models

proposed by Merkwirth and Lengauer (2005), Gori, Monfardini and Scarselli (2005) and Scarselli

et al. (2009):

h(𝑘)
𝑢 = 𝜎(𝑊

(𝑘)
𝑠𝑒𝑙𝑓h

(𝑘−1)
𝑢 +𝑊

(𝑘)
𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠

∑︁
𝑣∈𝒩 (𝑢)

h(𝑘−1)
𝑣 + 𝑏(𝑘)) (1)

4 There are 𝑛! permutation matrices 𝑃 𝑛×𝑛, in which every row and every column contains a single 1
and all other elements are 0, that when left-multiplied by 𝑋𝑛×𝑛 it permutes its rows (MEYER, 2000)
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Figure 1 – GNN Layer: Graph Representation Learning

𝑓(𝑋,𝐴) =

⎡⎢⎢⎢⎣
[︀
𝑔(x1,𝑀(𝒩 (x1))

]︀[︀
𝑔(x2,𝑀(𝒩 (x2))

]︀
...[︀

𝑔(x𝑛,𝑀(𝒩 (x𝑛))
]︀
⎤⎥⎥⎥⎦

Source: Own work (2025).

where 𝑊
(𝑘)
𝑠𝑒𝑙𝑓 ,𝑊

(𝑘)
𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 ∈ R𝑑(𝑘)×𝑑(𝑘−1)

are trainable parameter matrices to control which, and

how much, information should prevail between the original and updated representations; 𝑏(𝑘) is

the bias term that usually is omitted for simplicity; and 𝜎 is an element-wise non-linearity.

Neighborhood information is a defining feature for most GNN models, and its incorpo-

ration depends on a neural message passing mechanism. That is, vector messages are ex-

changed between nodes and updated using neural networks (BATTAGLIA et al., 2016; GILMER

et al., 2017; BATTAGLIA et al., 2018). A message-passing mechanism makes the learned rep-

resentations aware of the graph connectivity since neighboring nodes exchange information and

influence each other’s updated versions. For each 𝑘-th iteration then, the hidden representation

h
(𝑘)
𝑢 , for each node 𝑢 ∈ 𝒱 , is updated according to information aggregated from 𝒩 (𝑢):

h(𝑘)
𝑢 = 𝑈𝑃𝐷𝐴𝑇𝐸(𝑘−1)(h(𝑘−1)

𝑢 , 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸(𝑘−1)({h(𝑘−1)
𝑣 ,∀𝑣 ∈ 𝒩 (𝑢)})) (2)

where both the UPDATE and AGGREGATE are arbitrary differentiable functions as long as they

are respectively permutation equivariant and permutation invariant, as previously described.

The message vector containing information aggregated from 𝑢’s neighborhood by the

𝑘-th iteration can be represented by 𝑚
(𝑘)
𝒩 (𝑢), so Equation 2 can be written as Equation 3.

h(𝑘)
𝑢 = 𝑈𝑃𝐷𝐴𝑇𝐸(𝑘−1)(h(𝑘−1)

𝑢 ,𝑚
(𝑘−1)
𝒩 (𝑢) ) = 𝜎(𝑊

(𝑘)
𝑠𝑒𝑙𝑓h

(𝑘−1)
𝑢 +𝑊

(𝑘)
𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠𝑚

(𝑘−1)
𝒩 (𝑢) ) (3)

Each message passing iteration is also known as a GNN Layer and a visual representation of

one iteration can be found in Figure 2.

For simplicity, it is a common practice to add self-loops to the input graph and omit the

explicit update step (HAMILTON, 2020):

h(𝑘)
𝑢 = 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸(𝑘−1)({h(𝑘−1)

𝑣 ,∀𝑣 ∈ 𝒩 (𝑢) ∪ {𝑢}}) (4)
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Figure 2 – Message Passing: Updating Node A representation

Source: Own work (2025).

Self-loops are edges added to each node, connecting the node to itself. From the adjacency ma-

trix perspective, adjacency with self-loops 𝐴𝑠𝑒𝑙𝑓 is the matrix resulting from adding the adjacency

matrix to the identity matrix (i.e., 𝐴𝑠𝑒𝑙𝑓 = 𝐴+ 𝐼).

Usually, the initial representations, 𝑘 = 0, are the input feature vectors of each compo-

nent. For nodes, h(0)
𝑢 = x𝑢,∀𝑢 ∈ 𝒱 . After running 𝑘 iterations of the GNN message passing

the final representations would be 𝑧𝑢 = h
(𝑘)
𝑢 ,∀𝑢 ∈ 𝒱 (Figure 3). At this point, the original

graph structure remains exactly the same, but now it has new node representations containing

structural and feature-based information about each node 𝑘-hop neighborhood. It is important

to note that the initial representation (i.e., node features) x𝑢 ∈ R𝑑(0) ,∀𝑢 ∈ 𝒱 are vectors of a

given size 𝑑(0), but the updated representations at each layer have their size 𝑑(𝑘) that does not

have to remain the same along layers. Final representations can then be used, for example, on

node-level prediction tasks in which it either already represents some information of interest or

feeds a prediction model.

A graph though, can also have input feature vectors for each edge and one or more

features defining global graph information. Battaglia et al. (2018) generalize message passing,

allowing to easily integrate edge (i.e., h𝑢,𝑣) and global features (i.e., h𝒢):

h(𝑘)
𝑢,𝑣 = 𝑈𝑃𝐷𝐴𝑇𝐸𝑒𝑑𝑔𝑒(h

(𝑘−1)
𝑢,𝑣 ,h(𝑘−1)

𝑢 ,h(𝑘−1)
𝑣 ,h

(𝑘−1)
𝒢 ) (5)

𝑚
(𝑘)
𝒩 (𝑢) = 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑛𝑜𝑑𝑒(h

(𝑘)
𝑢,𝑣,∀𝑣 ∈ 𝒩 (𝑢)) (6)

h(𝑘)
𝑢 = 𝑈𝑃𝐷𝐴𝑇𝐸𝑛𝑜𝑑𝑒(h

(𝑘−1)
𝑢 ,𝑚

(𝑘)
𝒩 (𝑢),h

(𝑘−1)
𝒢 ) (7)

h
(𝑘)
𝒢 = 𝑈𝑃𝐷𝐴𝑇𝐸𝑔𝑟𝑎𝑝ℎ(h

(𝑘−1)
𝒢 ,h(𝑘)

𝑢 ,∀𝑢 ∈ 𝒱 ,h(𝑘)
𝑢,𝑣,∀(𝑢,𝑣) ∈ ℰ) (8)
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Figure 3 – GNN Layers: 𝑘 message passing iterations

Source: Own work (2025).

For some GNN applications, the general model presents benefits in terms of logical expressive-

ness, when compared to using only node features (BARCELÓ et al., 2020).

In essence, the message passing feature aggregation - GNN - is analogous to convo-

lutional kernels - CNN - since both process information of neighborhood to update elements.

CNNs though, aggregate feature information from spatially-defined patches of fixed size, while on

graphs, the size of nodes neighborhood varies within the same graph (SANCHEZ-LENGELING

et al., 2021).

In summary, Graph Neural Networks need to learn, for every component (e.g., nodes),

local representations by aggregating neighborhood information in a way that it is neither affected

by the neighborhood order (permutation invariant), nor by the order that the components are

presented (permutation equivariant) (SANCHEZ-LENGELING et al., 2021). Specialized GNN

models are distinguished by changing the aggregation function, the update function, or both.

2.2.1 Aggregation methods

The simplest permutation invariant functions that can be used to aggregate neighbor-

hood information are the sum (SUM), the average (AVG) and the max (MAX ) or min (MIN)

functions. The MAX or MIN functions can highlight locally salient features. The AVG function
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normalizes features locally, something desirable especially when neighborhood sizes vary too

much.

The SUM function is a local snapshot that highlight outliers, since it is not normalized.

It is also an unstable approach, highly sensitive to node degrees, that can lead to numerical

instabilities and difficulties in optimization. So, neighborhood normalization methods are usually

applied to normalize the feature aggregation on node degrees (HAMILTON; YING; LESKOVEC,

2017a).

GNN models that employ symmetric-normalized aggregation and the self-loop approach

are called Graph Convolutional Networks - GCNs - (Figure 4). It aggregates summing neighbor-

hood features with fixed weights (𝐶𝑢,𝑣) that usually depend on the adjacency matrix 𝐴 and are

useful for scaling learning capacity and for learning from Homophilous Graphs, that is, graphs

where edges encode label similarity (i.e., closer nodes are similar) (BRUNA et al., 2013; DEF-

FERRARD; BRESSON; VANDERGHEYNST, 2016; KIPF; WELLING, 2016; WU et al., 2019).

Figure 4 – Graph Convolutional Networks (GCNs) Aggregation

Source: Own work (2025).

The decision to normalize or not is application-dependent though. It helps to achieve sta-

ble and strong performance but can lead to loss of information. Various structural graph features

can be obscured and it can be hard, if not impossible, to distinguish nodes with different degrees.

Applications that can benefit from normalization are those where node feature information is far

more useful than structural information and there is a wide range of node degrees that can lead

to optimization instabilities (HAMILTON, 2020).

It is also possible to use SUM, AVG or MAX to reduce a set of feature vectors (i.e.,

neighborhood) to a single vector and then combine this reduction with a feed-forward neural

network to enrich it. In fact, any permutation-invariant function that applies this set reduction

approach can be approximated with arbitrary accuracy by the following model (ZAHEER et al.,

2017):

𝑚𝒩 (𝑢) = 𝑀𝐿𝑃𝜃(
∑︁

𝑣∈𝒩 (𝑢)

𝑀𝐿𝑃𝜑(h𝑣)) (9)

and the SUM can be replaced by any alternative reduction function (QI et al., 2016). Combin-

ing such set pooling with normalization approaches was investigated by Hamilton, Ying and

Leskovec (2017a) and although it can provide small increases in performance, it also increases

the risk of over-fitting depending on the depth of the used MLPs. Usually, only one hidden layer

is used, so it satisfies the theory without over-parameterizing the model (HAMILTON, 2020).
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Finally, it is possible to add any attention mechanism (BAHDANAU; CHO; BENGIO, 2014)

to the aggregation method, increasing the representational capacity of the model when prior

knowledge is available. So, the model learns how to aggregate features in opposition to simply

relying on the structural information. The first GNN model to apply it was the Graph Attention

Network (GAN) (VELICKOVIC et al., 2017) that, instead of using node degrees to normalize

aggregation, used a function that calculates sum weights using the features of both the source

and target node. It is also possible to add multiple attention heads to a model, computing ℎ

distinct attention weights that can represent, each one, different semantic meanings.

2.2.2 Update methods

Update methods play an equally important role in defining the power of a GNN model.

It helps avoid over-smoothing, something that can happen after several message passing iter-

ations when the final representation for all nodes becomes very similar to each other. It is the

main problem to overcome in order to build deeper GNN models (HAMILTON, 2020). When

learned embeddings become over-smoothed, approaching an almost uniform distribution, local

neighborhood information is lost.

The simplest update methods that try to directly preserve information from previous

rounds of message passing are the ones that use a Concatenation technique. Concatenation

can be used in conjunction with the majority of other update approaches. Hamilton, Ying and

Leskovec (2017b) present a simple concatenation update (Equation 10) and Pham et al. (2016)

propose a linear interpolation method (Equation 11) in which 𝛼1,𝛼2 ∈ [0,1]𝑑 are learnable gating

vectors:

𝑈𝑃𝐷𝐴𝑇𝐸𝑐𝑜𝑛𝑐𝑎𝑡(h𝑢,𝑚𝒩 (𝑢)) = [𝑈𝑃𝐷𝐴𝑇𝐸𝑏𝑎𝑠𝑒(h𝑢,𝑚𝒩 (𝑢))⊕ h𝑢] (10)

𝑈𝑃𝐷𝐴𝑇𝐸𝑐𝑜𝑛𝑐𝑎𝑡(h𝑢,𝑚𝒩 (𝑢)) = 𝛼1 ⊙ 𝑈𝑃𝐷𝐴𝑇𝐸𝑏𝑎𝑠𝑒(h𝑢,𝑚𝒩 (𝑢)) +𝛼2 ⊙ h𝑢 (11)

where ⊕ denotes matrix concatenation and ⊙ denotes elementwise multiplication. In practice,

Concatenation Update techniques are more useful for node classification tasks with moderately

deep GNNs (i.e., 2 to 5 GNN layers) and excel on tasks where predictions of each node are

strongly related to the features of its local neighborhood (i.e., homophily).

Picturing that the aggregation function is receiving an observation from the neighborhood

to update the hidden state of each node is another way to understand the message passing

algorithm. That way, Gated Updates are possible whenever a method to update hidden states

of Recurrent Neural Networks (RNN) is applied, as peer Li et al. (2015):

h(𝑘)
𝑢 = 𝐺𝑅𝑈(h(𝑘−1)

𝑢 ,𝑚
(𝑘)
𝒩 (𝑢)) (12)
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in which 𝐺𝑅𝑈 is the update equation of the gated recurrent unit (CHO et al., 2014) or can be

replaced by updates based on the Long Short-Term Memory (LSTM) architecture (SELSAM et

al., 2018). Generally, any update function defined for RNNs can be used in the context of GNNs if

the RNN hidden state argument is considered to be the GNN node representation and the RNN

observation vector is considered to be the GNN neighborhood aggregated information.

Gated Update is an efficient technique since parameters are always shared between

nodes and, in practice, are also shared between GNN layers. That is, the same GRU or LSTM

cell is used to update each node. It is effective for preventing over-smoothing on deep GNNs (i.e.,

more than 10 layers) and is generally useful for applications where the prediction task requires

complex reasoning over the global structure of the graph (HAMILTON, 2020).

Finally, it is important to mention that the implicit assumption of always using only the

output of the final GNN layer is a limited strategy that motivated much of the need for residual

(concatenation) and gated updates to limit over-smoothing. Another update technique is known

as Jumping Knowledge Connections (XU et al., 2018b) and leverages the representations

at each layer of the message passing, rather than only using the final layer output (i.e., 𝑧𝑢 =

h
(𝑘)
𝑢 ∀𝑢 ∈ 𝒱):

𝑧𝑢 = 𝑓𝐽𝐾(h
(0)
𝑢 + h(1)

𝑢 + ...+ h(𝑘)
𝑢 ),∀𝑢 ∈ 𝒱 (13)

where 𝑓𝐽𝐾 is an arbitrary differentiable function.

2.3 Urban spatial representation learning

Any city street map can be modeled as a graph, where nodes represent intersections or

dead-ends, while edges represent street segments that link those nodes (BOEING, 2017). The

network representation of urban streets usually includes not only structural information but also

any feature information that its components might have. Such networks are typically called Road

Network Graphs5 (ROSSI; AHMED, 2015).

Therefore, Road Network Graphs are mathematical representations of the actual net-

works that structure human interactions and transportation processes inside cities. Figure 5

uses the surroundings of the Brazilian Federal University of Technology6 to illustrate how the

road map depicted in Figure 5(a) can be modeled as the directed graph depicted in Figure 5(b).

The development of graph neural networks was mainly driven by tasks in which the input

data was structured in graphs with specific set of characteristics, including a high-dimensional

and informative set of node features (e.g., social networks). Those GNNs were developed with

the goal of representing every node of a graph as a function of its neighborhood features and

structural information. The use of neighborhood node features to generate information about a

5 In this work, the term ’graph’ is preferred over ’network,’ especially to avoid any confusion with the
machine learning technique of neural networks, which are described later.

6 The Brazilian Federal University of Technology - UTFPR - is located in Curitiba, Paraná
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Figure 5 – Street map and its equivalent Road Network Graph

Source: Own work (2025).

node’s position and role in the graph is the key to generalizing learned knowledge to unseen

nodes and graphs (i.e., inductive tasks). However, the common GNN learning tasks are highly

node-related, usually focusing on node classification (KIPF; WELLING, 2016; HAMILTON; YING;

LESKOVEC, 2017a). Link prediction (BORDES et al., 2013; ZITNIK; AGRAWAL; LESKOVEC,

2018; YING et al., 2018) and graph classification (GILMER et al., 2017; LI et al., 2019) are

common tasks too, also highly based on knowledge learned from node features.

Figure 6 – Graph Line Transformation

Source: Own work (2025).

When working with road networks though, the edge features are the crucial information

to generate good descriptive graph representations, since they represent street segments, which

are more interesting than simple street segment junctions (i.e., nodes) (JEPSEN et al., 2018).

Therefore, an option for learning with Road Network Graphs is to apply a Line Graph Transfor-

mation (HARARY; NORMAN, 1960; BEINEKE; BAGGA, 2021) to the input data (Figure 6). The

graph representation used so far, 𝒢𝒫 = (𝒱 ,ℰ), is the Primal Graph representation and the output

of a Line Graph Transformation is the Dual Graph representation, 𝒢𝒟 = (ℰ ′
,ℬ), in which every



35

primal graph edge (𝑢,𝑣) ∈ ℰ is transformed into a dual graph node 𝑒 ∈ ℰ ′
. The between-edge

connections in the primal graph (i.e., nodes) are transformed into dual graph edges 𝑏 ∈ ℬ.

A road network dual representation can then be the input data for a graph neural network

approaching tasks related to urban street representations. In this case, the set of the primal

graph edge feature vectors would be the same as the set of the dual graph node feature vectors

and it would be the input data for the model’s layers. A basic picture of the RNG dual graph for

learning edge information is shown in Figure 7:

Figure 7 – Training GNNs with Road Network Graphs dual representation: a primal edge between
nodes B and C is transformed into a dual node BC

Source: Own work (2025).

In this example, the primal graph edge feature vectors have size five, x𝑢 ∈ R5,∀𝑢 ∈ 𝒱
and the GNN has two layers. A primal edge between nodes B and C (the red edge in the graph on

the left side) is transformed into a dual node BC (the red node in the graph on the right side) and

the feature size is kept, that is: a dual node has the same feature vector size of a primal edge.

The Aggregation function is the MAX function and the Update is done by concatenating the

aggregated neighborhood information with the node’s information, then a linear transformation

is applied, followed by a non-linearity.

When passing the dual graph through the first GNN layer, the result is the same dual

graph structure but the node representations have size four, h(1)
𝑢 ∈ R4,∀𝑢 ∈ 𝒱 . Going through

the second and last GNN layer, the final result remains the dual graph structure, but the node

representation has size one z𝑢 = h
(2)
𝑢 ∈ R1,∀𝑢 ∈ 𝒱 . Since a dual graph node representation is

equivalent to a primal graph edge representation, one can then consider the node output of the

GNN as a representation for edge regression. Finally, having a proper training set and a proper

error function to compare the predictions against the truth values, after several training iterations
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(training epochs) with a back-propagation technique to update the MLP parameters, this GNN

could be used to predict road network edge free-flow travel time.

From the fact that, when learning from road network graphs, edge features have im-

portance precedence over node features, arises a need to use the Dual Graph representation.

The structural characteristics of road networks, however, introduce an extra layer of information

to a graph representation: in addition to node and edge features, road network graphs contain

between-edge features characterizing the relation between road segments (i.e., edges on the

dual representation). Therefore, road networks are edge-relational graphs (JEPSEN; JENSEN;

NIELSEN, 2020). This is one of the structural characteristics that distinguish road networks from

other extensively studied graph types.

Road networks are also graphs with low density, meaning that the average node degree

value is usually in a reduced scale compared to other graph types. Having fewer adjacent road

segments (i.e., smaller neighborhoods) is a structural characteristic that makes road networks

sensitive to aberrant neighbors when aggregating neighborhood information (JEPSEN et al.,

2018).

Finally, common GNN architectures implicitly assume that the input graph data exhibit ho-

mophily, that is: neighbor nodes have similar features and changes in the graph occur gradually.

On the contrary, road networks are graphs that exhibit volatile homophily. Such graphs might

not be considered heterophilic graphs as a whole, since regions within the input data can be

highly homophilic, but those graphs will usually present sharp boundaries with abrupt changes

separating its homophilic regions (JEPSEN et al., 2018).

The edge-relational nature of road network graphs along with its intrinsic low density and

volatile homophily are the main structural characteristics that justify the necessity of specifically

designed GNN architectures. Some are briefly explained in the remaining of this Chapter, Section

2.4, while the Relational Fusion Networks (JEPSEN; JENSEN; NIELSEN, 2020), the main focus

of this work, are detailed in Section 3.2.

2.4 Related work

This section briefly presents some of the literature on applying graph neural networks

to learn about road network graphs. The majority of the literature is interested in road type

classification (JEPSEN; JENSEN; NIELSEN, 2020; GHARAEE et al., 2021) or spatiotemporal

regression tasks (YU; YIN; ZHU, 2018; LI et al., 2018; ZHAO et al., 2020; DERROW-PINION

et al., 2021; YAN et al., 2023; JIN et al., 2023; ZHANG; LONG, 2023; NIPPANI DONGYUE LI,

2024). Section 3 better details the graph neural network models explored in this work, both

generic and road network targeted.

On road networks’ static edge characteristics, only Jepsen, Jensen and Nielsen (2020)

explore a similar static edge regression task. The present work, particularly, targets the edge

regression task for a specific static edge feature: the free-flow travel time (in seconds), using in-
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formation retrieved directly from OSM while Jepsen, Jensen and Nielsen (2020) use an average

of historical GPS data from a private dataset on their work.

2.4.1 Spatio-Temporal graph convolutional networks

Although this work does not explore any temporal traffic data, it is worth mentioning works

on spatiotemporal GNNs for road networks, usually applied to time series prediction in traffic

(YU; YIN; ZHU, 2018; LI et al., 2018; ZHAO et al., 2020; DERROW-PINION et al., 2021; YAN

et al., 2023; JIN et al., 2023; ZHANG; LONG, 2023) or safety (NIPPANI DONGYUE LI, 2024)

domains. Such spatiotemporal models are usually composed of two blocks: the temporal, which

can be any time series regression architecture; and the spatial, which is usually a graph neural

network. GNN layers can be the base ones, like the graph convolutional network presented in

Section 2.2.1, or enhanced variations like GraphSAGE (HAMILTON; YING; LESKOVEC, 2017a)

and Graph Isomorphism Network (GIN) (XU et al., 2018a), which are detailed in Section 3.

Yu, Yin and Zhu (2018), for example, propose the Spatio-Temporal Graph Convolutional

Networks (STGCN), a model with spatio-temporal convolutional blocks composed by temporal

gated convolution layers combined with spectral graph convolutional networks (DEFFERRARD;

BRESSON; VANDERGHEYNST, 2016), and compares its performance against time series re-

gression techniques (e.g., Auto-Regressive Integrated Moving Average) and the Graph Convo-

lutional Recurrent Unit (GCRU)7 proposed by Li et al. (2018).

Similarly, Zhao et al. (2020) present the Temporal Graph Convolutional Network (T-GCN),

combining the Graph Convolutional Network (GCN) (BRUNA et al., 2013) and a Gated Recur-

rent Unit (GRU) to capture the spatial and temporal dependence simultaneously. Derrow-Pinion

et al. (2021) propose a GNN model defined with three aggregation and update functions cor-

responding to edge, node and global (i.e., supersegment-level) operations, composed into an

encode-process-decode architecture to learn a separate model for each time horizon of esti-

mated travel time.

Finally, Nippani Dongyue Li (2024) evaluates existing deep learning methods for pre-

dicting the occurrence of accidents on road networks, testing static graph neural networks, like

GraphSAGE (HAMILTON; YING; LESKOVEC, 2017a) and GIN (XU et al., 2018a), and spa-

tiotemporal graph neural networks, like DCRNN (LI et al., 2018) and STGCN (YU; YIN; ZHU,

2018).

7 This work models the traffic flow as a diffusion process on a directed graph and introduce the Diffusion
Convolutional Recurrent Neural Network (DCRNN)
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2.4.2 Graph Attention Isomorphism Network (GAIN)

Graph Attention Isomorphism Networks (GAIN) (GHARAEE et al., 2021) is an aggrega-

tion approach proposed to overcome state-of-the-art GNNs on the road type classification task,

using the road network dual representation as input data.

Additionally, Gharaee et al. (2021) propose using Topological Neighborhoods instead of

the direct one-hop neighborhood usually selected for aggregation. The Topological Neighbor-

hood of a given node 𝑢 is sampled from the local neighborhood (𝒩𝑙(𝑢)) and a set of global

(𝒩𝑔(𝑢)) neighbors, based on an unbiased random walk (PEARSON, 1905), to extend node rep-

resentation and improve the learning procedure. The local neighborhood random walk has a size

𝐿𝑙 and the global random walk has a size 𝐿𝑔 where 𝐿𝑔 = 2 · 𝐿𝑙.

In the GAIN architecture, a node aggregates, with the SUM function, information from

its neighbors based on an importance value, i.e. attention coefficient, given to each other node

(GHARAEE et al., 2021):

h(𝑘)
𝑢 = 𝑀𝐿𝑃 (𝑘)((1 + 𝜀(𝑘)) · h′(𝑘−1)

𝑢 + 𝜎
∑︁

𝑣∈𝒩 (𝑢)

(𝑎(𝑘−1)
𝑢,𝑣 h

′(𝑘−1)
𝑣 )) (14)

where h
′
𝑢 = 𝑊

′

𝑚 · h𝑢 represents a linear transformation of a feature vector into a higher level

feature space using the weight matrix 𝑊
′

𝑚. The nonlinearity can be an ELU or an Identity

function and experiments in (GHARAEE et al., 2021) showed a slightly better performance with

the Identity function. The 𝑀𝐿𝑃 (𝑘) is a multi-layer perceptron with one hidden layer.

The attention coefficients 𝑎
(𝑘)
𝑢,𝑣 are inspired by the Graph Attention Networks (GAT) archi-

tecture (Section 3.1.2) and are calculated with a feed-forward neural network, a 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈

non-linearity and a 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 normalization (Section 3.1.2). Compared to GAT though, GAIN ap-

plies attention weights only to the neighbors of a given node 𝑢, excluding the node 𝑢, and uses

SUM rather than MEAN to aggregate it. Gharaee et al. (2021) explore a multi-head attention

(Equation 15) setting that did not show performance improvements for GAIN training.

h(𝑘)
𝑢 = 𝑀𝐿𝑃 (𝑘)(𝑊 ((1 + 𝜀(𝑘)) · h′(𝑘−1)

𝑢 + 𝜎

𝑀∑︁
𝑚=1

∑︁
𝑣∈𝒩 (𝑢)

(𝑎(𝑘−1)
𝑚𝑢,𝑣

h
′(𝑘−1)
𝑣 ))) (15)

GAIN architecture is highly based on the GIN architecture (Section 3.1.3). It is the rea-

son why it has "Isomorphism" on its name even with the proposed aggregation not being fully

injective on multisets, due to the use of non-linearity and attention weights. Similarly to the GIN

formalization, on GAIN 𝜀 can be a learnable parameter or a fixed scalar, experiments performed

in (GHARAEE et al., 2021) use the fixed scalar 𝜀 = 0 setting.
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3 THE ADDRESSED GRAPH NEURAL NETWORKS

Graph embedding and transductive learning are valuable, but when representation learn-

ing is aimed at helping urban planning, inductive learning with GNNs is the most suitable choice.

This chapter presents four GNN models selected from the literature for this work. Section 3.1

presents general inductive learning GNNs while Section 3.2 presents GNNs particularly de-

signed for urban road network data. All models presented in this chapter is part of the experi-

mentation tool set.

3.1 General purpose GNNs

3.1.1 Graph Sample and Aggregate (GraphSAGE)

GraphSAGE (HAMILTON; YING; LESKOVEC, 2017a) is one of the first works to over-

come the transductive nature of representation learning on graphs, presenting an inductive

framework capable of recognizing structural properties of a node’s neighborhood that reveal

both the node’s local role in the graph and its global position. Transductive approaches require

that all nodes are present during the training of the embeddings however, Hamilton, Ying and

Leskovec (2017a) explore the process of learning the functions that generate the embeddings

for unseen data, instead of learning the embeddings themselves. They extend GCNs (KIPF;

WELLING, 2016) to inductive unsupervised learning by proposing a framework that generalizes

GCNs through trainable aggregation functions.

GraphSAGE aims to learn embedding functions that generalize to unseen nodes by

learning the topological structure of each node’s neighborhood, as well as the distribution of

node features in the neighborhood and keeps the computational footprint by defining neighbor-

hoods as uniformly sampled sets of fixed-size of a given node’s original neighborhood. It also

learns structural information about a node’s role in a graph, despite the fact that it is inherently

based on features.

The framework trains a set of aggregator functions that learn how to aggregate fea-

ture information from a node’s local neighborhood by applying a graph-based loss function

to the output representations 𝑧𝑢,∀𝑢 ∈ 𝒱 and tuning 𝐾 aggregator functions parameters,

𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘,∀𝑘 ∈ {1,...,𝐾}, and weight matrices 𝑊 𝑘,∀𝑘 ∈ {1,...,𝐾} via stochastic

gradient descent. Each node neighborhood is uniformly sampled again at each iteration. The

loss function encourages nearby nodes to have similar representations while enforcing that the

representations of disparate nodes are highly distinct, usually without task-specific supervision

(unsupervised loss function) but it can be augmented by a task-specific objective.
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The aggregation architectures proposed by Hamilton, Ying and Leskovec (2017a) are all

symmetric functions, i.e., invariant to permutations of its inputs, since they must operate over an

unordered set of node’s features vectors.

• GraphSAGE-GCN: The aggregation is nearly equivalent to the convolutional propaga-

tion rule used in the transductive GCN framework (KIPF; WELLING, 2016). First, the

sampled neighborhood features are aggregated using the MEAN function, then con-

catenated to the node’s feature vector, and finally, one single weight matrix is multiplied

to the resulting concatenated matrix before applying the non-linearity.

h(𝑘)
𝑢 = 𝜎(𝑊 (𝑘) · 𝐶𝑂𝑁𝐶𝐴𝑇 (h(𝑘−1)

𝑢 ,𝑀𝐸𝐴𝑁𝑣∈𝒩 (𝑢)(h
(𝑘−1)
𝑣 ))) (16)

• GraphSAGE-Mean: Neighborhood’s feature vectors aggregation stills an element-wise

mean of the sampled neighbors, but now there are two weight matrices when updating

node’s features: 𝑊 𝑠𝑒𝑙𝑓 for weighting the node’s features contribution and 𝑊 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠

for weighting the aggregated neighborhood’s contribution.

h(𝑘)
𝑢 = 𝜎(𝑊

(𝑘)
𝑠𝑒𝑙𝑓 · h

(𝑘−1)
𝑢 +𝑊

(𝑘)
𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 ·𝑀𝐸𝐴𝑁𝑣∈𝒩 (𝑢)(h

(𝑘−1)
𝑣 )) (17)

• GraphSAGE-LSTM: For specific applications, a more complex aggregator structure

based on an LSTM architecture1 (HOCHREITER; SCHMIDHUBER, 1997) might have

a larger expressive capability when compared to the MEAN architecture.

• GraphSAGE-Pool: Each neighbor’s feature vector goes through a fully connected neu-

ral network2 and then an element-wise max-pooling operation is applied to aggregate

information from the transformed neighborhood set.

𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑃𝑜𝑜𝑙
(𝑘) = 𝑚𝑎𝑥({𝜎(𝑊 𝑝𝑜𝑜𝑙 · h(𝑘)

𝑣 + 𝑏),∀𝑣 ∈ 𝒩 (𝑢)}) (18)

The embedding generation is done by forward propagation (Algorithm 1), a 𝐾-layer net-

work model that uses the learned parameters of 𝐾 aggregator functions, 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘, and

the learned set of 𝐾 weight matrices, 𝑊 𝑘, which are used to propagate information between

different layers.

1 To overcome the fact that LSTMs are not inherently permutation invariant (i.e., process inputs in a
sequential manner), it was adapted to operate on an unordered set by applying the LSTMs to a random
permutation of the neighbors.

2 The neural network can be an arbitrarily deep multi-layer perceptron but Hamilton, Ying and Leskovec
(2017a) focused on simple single-layer architectures.
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Algorithm 1 GraphSAGE forward propagation (HAMILTON; YING; LESKOVEC, 2017a)

Input: Graph 𝒢 = (𝒱,ℰ); input features x𝑢,∀𝑢 ∈ 𝒱 ; depth 𝐾; weight matrices 𝑊 𝑘,∀𝑘 ∈ {1,...,𝐾};
differentiable aggregator functions 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘, ∀𝑘 ∈ {1,...,𝐾}; non-linearity 𝜎; neighborhood
function 𝒩 : 𝑢→ 2𝒱

Output: Vector representations 𝑧𝑢 for all 𝑢 ∈ 𝒱
h0
𝑢 ← x𝑢, ∀𝑢 ∈ 𝒱

for 𝑘 ← 1 to 𝐾 do
for 𝑢 ∈ 𝒱 do

h
(𝑘)
𝒩 (𝑢) ← 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘({h

(𝑘−1)
𝑣 ,∀𝑣 ∈ 𝒩 (𝑢)})

h
(𝑘)
𝑢 ← 𝜎(𝑊 (𝑘) · 𝐶𝑂𝑁𝐶𝐴𝑇 (h

(𝑘−1)
𝑢 ,h

(𝑘)
𝒩 (𝑢))

end for
h
(𝑘)
𝑢 ← h

(𝑘)
𝑢 /‖h(𝑘)

𝑢 ‖2,∀𝑢 ∈ 𝒱
end for
𝑧𝑢 ← h

(𝐾)
𝑢 , ∀𝑢 ∈ 𝒱

GraphSAGE operates on the graph’s node level, so Figure 8 pictures the application of

GraphSAGE-Mean to the example of road network edge representation, from Section 2.3, using

the RNG dual graph as GNN input.

Figure 8 – GraphSAGE-Mean: Training with Dual Graph

Source: Own work (2025).

3.1.2 Graph Attention Network (GAT)

An architecture that operates on graph-structured data with masked self-attentional lay-

ers (VELICKOVIC et al., 2017). When layers are stacked, nodes pay attention to the features

of their neighborhood. This allows for different weights to be assigned to different neighbors,

making the model more capable and likely improving its interpretability

The proposed framework is agnostic to the particular choice of attention mechanism, but

Velickovic et al. (2017) use a setup that closely follows the work of Bahdanau, Cho and Bengio

(2014).
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Aiming to obtain sufficient expressive power to transform input features (∈ R𝐹 ) into

higher-level features (∈ R𝐹
′
), at least one learnable linear transformation is required. A weight

matrix 𝑊 ∈ R𝐹×𝐹
′

parametrizes a shared linear transformation that leverages self-attention

on nodes. Therefore, there is a shared attentional mechanism 𝑎 : R𝐹×𝐹
′
→ R that computes

attention coefficients to weight the importance a given node 𝑗’s features to a different node 𝑖.

𝑒𝑖𝑗 = 𝑎(𝑊 · h𝑖,𝑊 · h𝑗) (19)

If every node attends to every other node in the graph, the model would drop all struc-

tural information in favor of attentional information only. So, Velickovic et al. (2017) inject graph

structure to the attention by only computing 𝑒𝑖𝑗 for nodes 𝑗 ∈ 𝒩 (𝑖), where this neighborhood

is a node’s first-order neighborhood including the node itself. This technique is called Masked

Attention. The 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 function is applied to normalize across all choices of 𝑗, in order to make

coefficients easily comparable between different nodes.

𝛼𝑖𝑗 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑒𝑖𝑗) =
exp(𝑒𝑖𝑗)∑︀

𝑘∈𝒩 (𝑖) exp(𝑒𝑖𝑘)
(20)

Velickovic et al. (2017) chose the attentional mechanism (a) as a single-layer feed-forward

neural network parameterized by a weight vector 𝑎 ∈ R2𝐹
′

with a 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝛼 = 0.2) non-

linearity.

𝛼𝑖𝑗 =
exp(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇 · [𝑊 · h𝑖 ⊕𝑊 · h𝑗]))∑︀

𝑘∈𝒩 (𝑖) exp(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇 · [𝑊 · h𝑖 ⊕𝑊 · h𝑘]))
(21)

where 𝑇 represents transposition and ⊕ is the concatenation operation.

Finally, the attention coefficients 𝛼𝑖𝑗 are used to compute a linear combination of the

features corresponding to them and after applying a non-linearity 𝜎 the output features vector is:

h(𝑘)
𝑢 = 𝜎(

∑︁
𝑣∈𝒩 (𝑢)

(𝛼𝑢𝑣 ·𝑊 · h(𝑘−1)
𝑣 )) (22)

Figure 9 – GAT: Training with Dual Graph

Source: Own work (2025).
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Again, GAT operates on a graph’s node level, so Figure 9 pictures the application of GAT

to the example of road network edge representation, from Section 2.3, using the RNG dual graph

as GNN input. For the sake of simplicity, this example considers that all attention coefficients

𝛼𝑖,𝑗 are already calculated using Equation 21 and are available to be used in the aggregation

process.

Velickovic et al. (2017) found that extending this mechanism to employ multi-head atten-

tion (VASWANI et al., 2017) is helpful to stabilize the learning process of self-attention, with the

expense of multiplying the storage and parameter requirements by a factor of 𝐻 .

h(𝑘)
𝑢 =

𝐻

‖
ℎ=1

𝜎(
∑︁

𝑣∈𝒩 (𝑢)

(𝛼ℎ
𝑢𝑣 ·𝑊 ℎ · h(𝑘−1)

𝑣 )) (23)

In a multi-head attention setting each layer’s output h(𝑘) consists of 𝐻 · 𝐹 ′
, rather than 𝐹

′
,

features for each node. Therefore, the final (prediction) layer concatenation is then replaced by

the averaging operation and the application of the final non-linearity is delayed:

𝑧(𝑘)
𝑢 = 𝜎(

1

𝐻
·
∑︁
ℎ∈𝐻

(
∑︁

𝑣∈𝒩 (𝑢)

(𝛼ℎ
𝑢𝑣 ·𝑊 ℎ · h(𝑘−1)

𝑣 ))) (24)

Since all the self-attentional computations can be parallelized across all edges and the

output features computations can be parallelized across all nodes, GAT can be considered

a computationally highly efficient architecture. Additionally, applying the mechanism in such a

shared manner to all edges allows the input graphs to be directed and also enables inductive

learning settings. In comparison to GraphSAGE, GAT also uses node features only but accesses

the entire neighborhood rather than sampling it like the former.

3.1.3 Graph Isomorphism Network (GIN)

Apart from the graph neural networks’ recursive message-passing scheme, it is also

interesting to understand its expressiveness power when learning how to represent and distin-

guish between different graph structures. Xu et al. (2018a) hypothesize that a GNN can have

as large discriminative power as the Weisfeiler-Lehman (WL) graph isomorphism test (WEIS-

FEILER; LEHMAN, 1968) if its aggregation scheme is highly expressive and can model injective

functions.

Xu et al. (2018a) define a multi-set as a generalized concept of a set that allows multiple

instances of its elements. That is, a 2-tuple 𝑋 = (𝑆,𝑚) where 𝑆 is the underlying set of distinct

elements and 𝑚 : 𝑆 → N≥1 gives the multiplicity of the elements. Multi-sets then, can be

seen as the correct description of a node neighborhood, since the set of neighbors’ features
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can contain repeated vectors, i.e., different neighbor nodes can have exactly the same feature

values.

Also, Xu et al. (2018a) presented a theoretical framework for analyzing the expressive

power of GNNs to capture different graph structures and showed that GCN (KIPF; WELLING,

2016) and GraphSAGE (HAMILTON; YING; LESKOVEC, 2017a) are networks that fail to learn

how to distinguish certain simple graph structures.

A maximally powerful GNN should map two nodes to the same location in the embedding

space if, and only if, they have identical neighborhood sub-tree structures with identical features

on the corresponding nodes. Moreover, a maximally powerful GNN would never map two different

neighborhoods (i.e., a multi-set of feature vectors) to the same representation. Therefore, Xu et

al. (2018a) hypothesize that to achieve maximum expressive power a GNN must have injective

aggregation functions. This way, one can be sure that different graph structures are mapped to

different representations in the embedding space and, also, such a GNN model should be able

to solve the graph isomorphism problem for all instances that the WL-test can.

Xu et al. (2018a) proposition states that𝒜 : 𝒢 → R𝑑 is a GNN with a sufficient number of

layers and it maps any 𝒢1 and 𝒢2 graphs that the WL-test decides as non-isomorphic to different

embeddings if:

1. 𝑓 , which operates on multi-sets, and 𝜑 are injective functions.

h(𝑘)
𝑢 = 𝜑(h(𝑘−1)

𝑢 , 𝑓({h(𝑘−1)
𝑣 , ∀𝑣 ∈ 𝒩 (𝑢)})) (25)

2. when applied to graph classification tasks, 𝒜’s graph-level readout, which operates on

the multi-set of node features {𝑧(𝐾)
𝑖 }, is injective.

The Graph Isomorphism Network (GIN) (XU et al., 2018a) have neighbor aggregation

done through injective multi-set functions - "deep multi-sets" - parametrized with neural networks,

based on the universal approximation theorem (RUMELHART; HINTON; WILLIAMS, 1986). Let

𝜀 be a learnable parameter or a fixed scalar:

h(𝑘)
𝑢 = 𝑀𝐿𝑃 (𝑘)((1 + 𝜀(𝑘)) · h(𝑘−1)

𝑢 +
∑︁

𝑣∈𝒩 (𝑢)

h(𝑘−1)
𝑣 ) (26)

The SUM aggregation is both permutation invariant and injective on multisets, therefore it should

be able to distinguish different graph structures. Xu et al. (2018a) experiment with two GIN vari-

ants: GIN-𝜀, in which 𝜀 is learned during the training, and GIN-0, in which 𝜀 = 0 is a fixed scalar.

Figure 10 pictures the application of GIN to the same example of Road Network Graph edge

representation, from Section 2.3, using the RNG dual graph as GNN input.

Other existing GNNs use a 1-layer perceptron (𝜎 ∘𝑊 ) (DUVENAUD et al., 2015) (KIPF;

WELLING, 2016) (ZHANG et al., 2018) and, although those are valid examples of generalized
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Figure 10 – GIN: Training with Dual Graph

Source: Own work (2025).

linear models (MCCULLAGH; NELDER, 1972), are not enough for graph learning. First, such

GNN layers degenerate into simply summing neighborhood features. Secondly, it lacks the bias

term. Even with bias though, 1-layer perceptrons are not a universal approximator of multiset

functions, while MLPs are. Xu et al. (2018a) also point out that 1-layer perceptrons can severely

under-fit training data and show worse test accuracy than MLPs on tasks of graph classification.

To stress their point, Xu et al. (2018a) list some simple neighborhood structures that can

confuse MEAN and MAX-POOLING based aggregators. Although those are the aggregation

functions analyzed, the theoretical framework is supposed to be general enough to analyze

other more complicated variants of aggregation functions (e.g., attention mechanisms, LSTMs).

Figure 11 – Simple graphs structures that confuse MEAN and MAX-POOLING

(a) (b) (c)

Source: (XU et al., 2018a).

Figure 11 (a) shows two different neighborhood structures that have the same aggrega-

tion result when using MEAN or MAX-POOLING based aggregators, since the features of all

neighbors are the same3. Both aggregators have trouble with nodes having repeated features,

while a SUM aggregation would be able to differ between the two neighborhoods4. In Figure 11

(b), the MEAN aggregator does not fail to differ both neighborhoods, but the MAX-POOLING

3 {MEAN(1,1), MEAN(1,1,1)} = {1, 1} and {MAX-POOLING(1,1), MAX-POOLING(1,1,1)} = {1, 1}
4 {SUM(1,1), SUM(1,1,1)} = {2, 3}
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aggregator fails5. Finally, on Figure 11 (c), MEAN and MAX-POOLING aggregators would fail

again6,7, while a SUM aggregation would not8.

The neighborhood examples in Figure 11 show the representational power of a multi-

set injective aggregation function, i.e., SUM. But since GNNs designed with MEAN and MAX-

POOLING aggregators have been proven efficient on determined tasks, those aggregators do

not have only weaknesses (XU et al., 2018a).

Actually, from those examples analysis, it is possible to realize that the MEAN captures

the proportion of elements in a multi-set, but not the exact multi-set. It may be a good choice

for tasks in which statistical and distributional information in the graph is more important than

the exact structure. This may explain why GNNs with MEAN aggregators are effective for node

classification tasks where node features are rich and the neighborhood distributions provide a

strong signal for the task. Also, from those examples analysis, it is possible to get that MAX-

POOLING considers nodes with the same features as a single node, i.e., handles a multi-set as

a set. It doesn’t capture the exact structure or distribution of features, but it may perform well for

tasks where it’s important to identify representative elements of a multi-set rather than the exact

structure or distribution.

3.2 Relational Fusion Network (RFN)

The state-of-the-art in Graph Neural Networks for learning on Road Network Graphs,

Relational Fusion Networks (RFNs) (JEPSEN; JENSEN; NIELSEN, 2020) was designed specif-

ically for machine learning on road networks. All previously mentioned GNNs are capable, in

theory, of leveraging the structure of an Road Network Graph, but those were architectures de-

signed for node classification tasks on graphs (e.g., social networks, proteins) that differ too

much from Road Network Graphs in terms of information available and structural characteris-

tics (e.g., average node degree, homophily). Therefore, some implicit assumptions of general

purpose GNNs do not apply for RNG-related tasks and experiments of Jepsen, Jensen and

Nielsen (2020) found that such models fail to leverage Road Network Graph structure and even

to outperform regular MLPs on such tasks. Additionally, the authors argue that simply using the

Road Network Graph dual representation is not enough to make common GNNs suitable for road

graphs.

First of all, Road Network Graphs have a low number of edge and node features, informa-

tion that is actually often incomplete. Moreover, it contains not only node and edge information,

but also between-edge attributes characterizing the relation between road segments and, there-

fore, those graphs are edge-relation. Secondly, Road Network Graphs are usually low-density

5 {MAX-POOLING(1,2), MAX-POOLING(1,2,2)} = {2, 2}
6 {MEAN(1,2), MEAN(1,1,2,2)} = {32 , 3

2 }
7 {MAX-POOLING(1,2), MAXPOOLING(1,1,2,2)} = {2, 2}
8 {SUM(1,2), SUM(1,1,2,2)} = {3, 6}
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networks, meaning that it has low average node degree (i.e., few adjacent street segments).

The small size of neighborhoods makes aggregation on such graphs highly sensitive to aberrant

neighbors. Finally, GNNs commonly are based on the implicit assumption that graphs exhibit

homophily. That is, neighbor nodes have similar features and changes in the graph occur grad-

ually. On the contrary, Road Network Graphs exhibit volatile homophily: regions can be highly

homophilic but have sharp boundaries with abrupt changes.

The Relational Fusion Network (JEPSEN; JENSEN; NIELSEN, 2020) is a spatial, induc-

tive and general-purpose method proposed for Road Network Graph learning tasks, designed to

overcome all the before-mentioned specificities of this type of graph. It aggregates over represen-

tations of relations, instead of representations of neighbors. It is designed to disregard relations

with aberrant neighbors using an attention mechanism. It learns representations based, not only

on dual graph but on both the primal (i.e., node relational) and the dual (i.e., edge relational)

representations simultaneously.

Figure 12 – Relational Fusion: (a) one RF layer and (b) a K-layered RF network

(a) (b)

Source: (JEPSEN; JENSEN; NIELSEN, 2020).

A RFN layer receives an input graph 𝒢 = (𝒱 ,ℰ) with a set of node features 𝑋𝒱 ∈
R|𝑉 |×𝑑𝒱 , a set of edge features 𝑋ℰ ∈ R|𝐸|×𝑑ℰ and a set of between-edge features 𝑋ℬ ∈
R|𝐵|×𝑑ℬ , where 𝑑𝒱 , 𝑑ℰ and 𝑑ℬ represent, respectively, the node, the edge and the between-edge

feature vectors dimensions. The input graph can be broken on its node-relational (i.e., primal),

𝒢𝒫 = (𝒱 ,ℰ), 𝑋𝒱 , 𝑋ℰ , and its edge-relational (i.e., dual), 𝒢𝒟 = (ℰ ,ℬ), 𝑋ℰ , 𝑋ℬ, representations.

Each fusion layer (Figure 12 (a)) performs both a node-relational fusion and an edge-relational

fusion, to learn representations from both views simultaneously, and captures the interdepen-

dence between both views by using as input the node and edge representations (i.e, outputs)

from previous layers (Figure 12 (b)).
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Algorithm 2 The Relational Fusion Operator (JEPSEN; JENSEN; NIELSEN, 2020)

function 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝐹𝑢𝑠𝑖𝑜𝑛𝑘(𝒢 = (𝒱,ℰ),h𝒱 ′,𝑘−1,hℰ ′,𝑘−1)

let h𝒱 ′,𝑘−1 be an arbitrary |𝒱 ′| × 𝑑𝐹
𝑘

real feature matrix.
for each 𝑢′ ∈ 𝒱 ′ do

𝐹𝑢′ ← 𝐹𝑈𝑆𝐸𝑘(h𝒱 ′,𝑘−1
𝑢′ ,hℰ ′,𝑘−1

𝑢′,𝑣′ ,h𝒱 ′,𝑘−1
𝑣′ |𝑣′ ∈ 𝒩 (𝑢′))

h𝒱 ′,𝑘
𝑢′ ← 𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘(𝐹𝑢′)

h𝒱 ′,𝑘
𝑢′ ← 𝑁𝑂𝑅𝑀𝐴𝐿𝐼𝑍𝐸𝑘(h𝒱 ′,𝑘

𝑢′ )
end for
return h𝒱 ′,𝑘

A relational fusion (Algorithm 2) is a graph convolutional operator in which neighborhood

aggregation is replaced by a relational aggregation. That is, aggregation is performed over rep-

resentations of relations (𝑢,𝑣) that a given node 𝑢 ∈ 𝒱 participates, as opposed to aggregation

over-representation of 𝑢 and its neighbors. A relation representation includes representations

of nodes 𝑢 ∈ 𝒱 , 𝑣 ∈ 𝒱 and the representation of the edge (𝑢,𝑣) ∈ ℰ , all fused by a Fusion

Function (𝐹𝑈𝑆𝐸𝑘). Then, Aggregation is done over the set of fused representations, gener-

ating a single latent representation of 𝑢, called 𝑢′. Finally, there is an optional normalization,

important when the relational aggregation has different scales across elements with different

neighborhood sizes (e.g. when aggregation is based on 𝑆𝑈𝑀 ). Jepsen, Jensen and Nielsen

(2020) used L2-normalization when needed.

A Fusion Function is the relational fusion layer component responsible for extracting the

right information from each relation. It was designed to capture the Road Network Graphs’ in-

trinsic volatile homophily, allowing the creation of sharp boundaries at the edge of homophilic

regions. (JEPSEN; JENSEN; NIELSEN, 2020) propose and experiment with two different Fu-

sion Functions.

The ADDITIVEFUSE function transforms each representation individually, using three

trainable weight matrices:

𝐴𝐷𝐷𝐼𝑇𝐼𝑉 𝐸𝐹𝑈𝑆𝐸𝑘(h(𝒱,𝑘−1)
𝑢 ,h(𝒱,𝑘−1)

𝑣 ,h(ℰ,𝑘−1)
𝑢,𝑣 ) =

𝜎(𝑊 𝑠 · h(𝒱,𝑘−1)
𝑢 +𝑊 𝑡 · h(𝒱,𝑘−1)

𝑣 +𝑊 𝑟 · h(ℰ,𝑘−1)
𝑢,𝑣 + 𝑏)

(27)

where 𝜎 is an activation function, 𝑏 ∈ R1𝑥𝑑𝑜 is a bias term and where 𝑊 𝑠 ∈ R𝑑𝑠𝑥𝑑𝑜 , 𝑊 𝑡 ∈
R𝑑𝑡𝑥𝑑𝑜 and 𝑊 𝑟 ∈ R𝑑𝑟𝑥𝑑𝑜 are, respectively, the source, target and relation weights. Here, 𝑑𝑠 and

𝑑𝑡 are the source and target nodes feature dimensionality, 𝑑𝑟 is the edge feature dimensionality

and 𝑑𝑜 is the output dimensionality of the fusion function. Equation 27 can be simplified as:

𝐴𝐷𝐷𝐼𝑇𝐼𝑉 𝐸𝐹𝑈𝑆𝐸𝑘(h(𝒱,𝑘−1)
𝑢 ,h(𝒱,𝑘−1)

𝑣 ,h(ℰ,𝑘−1)
𝑢,𝑣 ) =

𝜎(𝑊𝑅 · h(ℛ,𝑘−1)
𝑢,𝑣 + 𝑏)

(28)
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where 𝑊𝑅 ∈ R𝑑𝑅𝑥𝑑𝑜 is a weight matrix with row dimensionality 𝑑𝑅 = 𝑑𝑠+𝑑𝑡+𝑑𝑟 and h
(ℛ,𝑘−1)
𝑢,𝑣 =

h
(𝒱,𝑘−1)
𝑢 ⊕h(𝒱,𝑘−1)

𝑣 ⊕h(ℰ,𝑘−1)
𝑢,𝑣 is a relational feature matrix where⊕ denotes matrix concatenation.

While the ADDITIVEFUSE function summarizes the relationship between 𝑢 and 𝑣, it

does not explicitly model interactions between representations. Therefore, the INTERACTION-

ALFUSE function is proposed to improve the modeling capacity of ADDITIVEFUSE function,

enabling it to better address the challenge of volatile homophily at the cost of an increase in

parameters, quadratic in the number of input features. INTERACTIONALFUSE captures and

weight interactions at a much finer granularity:

𝐼𝑁𝑇𝐸𝑅𝐴𝐶𝑇𝐼𝑂𝑁𝐴𝐿𝐹𝑈𝑆𝐸𝑘(h(𝒱,𝑘−1)
𝑢 ,h(𝒱,𝑘−1)

𝑣 ,h(ℰ,𝑘−1)
𝑢,𝑣 ) =

𝜎((h(ℛ,𝑘−1)
𝑢,𝑣 ·𝑊 𝐼 ⊙ h(ℛ,𝑘−1)

𝑢,𝑣 ) ·𝑊𝑅 + 𝑏)
(29)

where 𝑊 𝐼 ∈ R𝑑𝑅𝑥𝑑𝑅 is a trainable weight matrix and ⊙ denotes element-wise multiplication.

Finally, Algorithm 2 relational aggregator function is composed of an attention mechanism

that filters out irrelevant and/or aberrant neighbors by weighting their contribution. Such filtering

capacity is highly desirable for RGNs that, as previously mentioned, present volatile homophily

and low density (i.e., small average node degree) that amplifies the aggregation noise:

𝐴𝐺𝐺𝑅𝐸𝐺𝐴𝑇𝐸𝑘(ℱ𝑢) =
∑︁

𝑓𝑣∈ℱ𝑢

𝐴(𝑢,𝑣) · 𝑓 𝑣 (30)

where ℱ𝑢 = {𝑓 𝑣|𝑣 ∈ 𝒩𝑢} is the set of fused relational representations of node 𝑢’s relations to

each of its neighbors 𝑣 ∈ 𝒩𝑢.

However, current graph attention mechanisms rely on a common transformation of each

neighbor, which is incompatible with RFNs that rely on context-dependent neighbor transfor-

mation. The proposed Attentional Aggregator (JEPSEN; JENSEN; NIELSEN, 2020) computes

a weighted mean over the relational representations, that corresponds to computing 𝑠𝑜𝑓𝑡𝑚𝑎𝑥

over the attention coefficients of all neighbors 𝑣 of 𝑢, where the attentions weights sum to one

and are calculated by:

𝐴(𝑢,𝑣) =
exp(𝒞(h(ℛ,𝑘−1)

𝑢,𝑣 ))∑︀
𝑛∈𝒩𝑢

(exp(𝒞(h(ℛ,𝑘−1)
𝑢,𝑛 )))

(31)

where 𝒞 : R𝑑𝑅 → R is an attention coefficient function:

𝒞(h(ℛ,𝑘−1)
𝑢,𝑣 ) = 𝜎(h(ℛ,𝑘−1)

𝑢,𝑛 ·𝑊 𝐶) (32)

in which 𝜎 is an activation function and 𝑊 𝐶 ∈ R𝑑𝑅 is a weight matrix.

Finally, a K-layered Relational Fusion Network (Figure 12 (b)) uses the forward propa-

gation algorithm (Algorithm 4) to propagate latent space representations of nodes, edges and
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Algorithm 3 RFN Forward Propagation - JOIN (JEPSEN; JENSEN; NIELSEN, 2020)

function 𝐽𝑂𝐼𝑁𝑘(h𝒱 ,hℬ)
for each ((𝑣,𝑢),(𝑢,𝑤)) ∈ ℬ do

hℬ′

((𝑣,𝑢),(𝑢,𝑤)) ← hℬ
((𝑣,𝑢),(𝑢,𝑤)) ⊕ h𝒱

𝑢

end for
return hℬ′

Algorithm 4 The Relational Fusion Network Forward Propagation (JEPSEN; JENSEN;
NIELSEN, 2020)

function 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛(𝑋𝒱 , 𝑋ℰ , 𝑋ℬ)
let h𝒱,0 = 𝑋𝒱 , hℰ,0 = 𝑋ℰ and hℬ,0 = 𝑋ℬ

for 𝑘 ← 1 to 𝐾 do
h(𝒱,𝑘) ← 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝐹𝑢𝑠𝑖𝑜𝑛𝑘(𝒢𝒫 ,h(𝒱,𝑘−1),h(ℰ,𝑘−1))
h(ℬ′,𝑘−1) ← 𝐽𝑂𝐼𝑁𝑘(h(𝒱,𝑘−1),h(ℬ,𝑘−1))
h(ℰ,𝑘) ← 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝐹𝑢𝑠𝑖𝑜𝑛𝑘(𝒢𝒟,h(ℰ,𝑘−1),h(ℬ′,𝑘−1))
h(ℬ,𝑘) ← 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑎𝑙𝐹𝑢𝑠𝑖𝑜𝑛𝑘(h(ℬ,𝑘−1))

end for
return h𝒱,𝐾 , hℰ,𝐾 , hℬ,𝐾

between edges through its layers. In this setting, both Road Network Graph representations (𝒢𝒫

and 𝒢𝒟) contain structural information about both the node and the edge-relation views.

Before applying a relational fusion function to the dual representation though, node and

between-edge representations from the previous layer are concatenated (Algorithm 3) to cap-

ture the information from both sources that describe the relationships between two edges. The

between-edge representations are transformed by a single feed-forward operator at each layer to

learn increasingly abstract between-edge representations. Algorithm 4 has three outputs: node,

edge and between-edge latent representations, that can be used for predictions on any of the

three components or even for multi-task learning settings.

Having both primal and dual representations of a given Road Network Graph it is possible

to replicate the example from Section 2.3 using RFN, in a similar way that was previously done

for the general purpose GNNs. For the sake of simplicity, the RFN in this example encompasses

an Additive Fuse function and a Non-attentional aggregator. Figure 13 illustrates how a single

RFN would update node (h(𝒱,𝑘)
𝐶 )), edge (h(ℰ,𝑘)

𝐵𝐶 )) and between-edge (h(ℬ,𝑘)
(𝐷𝐵,𝐵𝐶))) representations.

All three representation outputs could then be fed to the next RFN layer or used by another

prediction/classification model.
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Figure 13 – RFN: Training with Primal and Dual Graphs

Source: Own work (2025).
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4 METHODOLOGY

Making use of collaborative and open data sources, this work retrieves information from

a selected group of cities to model each one as a Road Network Graph. It is then possible to

explore GNNs on the free-flow travel time regression task and understand their performance

and limitations. Section 4.1 details the Road Network Graph dataset, and Section 4.2 details the

setup for the experiments aimed at answering this work’s research questions.

Figure 14 shows a roadmap of the methodology followed to obtain the results of the ex-

periments. By starting from Road Network Graphs of 12 cities, the branch on the left of Figure 14

considers only Aalborg city to compare general purpose GNNs and RFNs, whose results are

given in Section 5.1. Experiments with mini-batches are then executed and results are presented

in Section 5.2. After defining a training setup for GNNs and RFNs, other cities are considered

to analyze the extrapolation capacity of RFNs, whose results are given in Section 5.3. Colors

are used in Figure 14 to differentiate information: gray elements represent information already

available in the literature; yellow elements represent operational steps; blue elements represent

minor/exploratory contributions and green elements represent this work’s main contributions.

Figure 14 – Roadmap of the methodology

Source: Own work (2025).
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4.1 The Road Network Graph dataset

This section presents the addressed Road Network Graphs, including an introduction to

the data source and tools used, as well as the list of selected cities along with the structural and

informational models of their corresponding Road Network Graphs.

4.1.1 Data source

Data to study urban street networks are usually made available by city, state, or national

data repositories, typically in the form of shape-files of digitized streets (BOEING, 2017). Acquir-

ing, processing and ensuring consistency of street network information collected from various

data sources can be challenging and time-consuming. Restricting the data gathering to a single

data source though, can heavily reduce the sample size, limiting the data representation power.

There are proprietary and open access options for available data sources, including those

originating from GPS-gathered data and map applications that usually include network structural

information with temporal traffic information. This work uses OpenStreetMap® (OpenStreetMap

contributors, 2017) as a single data source for retrieving urban street graphs. It avoids the over-

head of gathering information from multiple sources and solves the sample size problem by

providing enough centralized data.

OpenStreetMap® (OSM) is an editable map database, built and maintained by volun-

teers and distributed under Open Data Commons Open Database License (ODbL) by the Open-

StreetMap Foundation (OSMF). It is a collaborative worldwide mapping project, in which mapping

takes place from geospatial information and data collected by volunteers during car trips, casual

jogs, photos, videos and GPS traces. There are several OSM models to be downloaded (e.g.

walkable, drivable, bikeable) depending on the urban transportation object of interest. This work

focuses only on drivable network information. Data quality may vary among countries, but in

general, there is high-quality street information available in the tool (HAKLAY, 2010; BARRON;

NEIS; ZIPF, 2014; BOEING, 2019).

The OSMnx Python package licensed under the MIT license (BOEING, 2017) is used to

retrieve data from OpenStreetMap®. OSMnx library facilitates the download of geospatial data

from OSM to model, project, visualize, and analyze real-world street networks. OSMnx strongly

relies on NetworkX (HAGBERG; SCHULT; SWART, 2008), a Python package developed for the

creation, manipulation, and study of the structure, dynamics, and functions of complex networks.

Figure 15 shows the Brazilian city of Curitiba: (a) its OSM boundary polygon contour; (b) its

OSMnx retrieved drivable network.

OSMnx internal functions are used to enrich the road network edge feature information.

Function add_edge_bearings() adds compass bearing attributes to all graph edges. A bearing

represents the clockwise angle in degrees between the north and the geodesic line from the

origin node to the destination node. The function ignores self-loop edges as their bearings are
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Figure 15 – Curitiba, Brazil: (a) OpenStreetMap® boundary and (b) OSMnx drivable network

(a) (b)

Source: (OpenStreetMap contributors, 2017).

undefined. OSMnx add_edge_speeds() imputes free-flow travel speeds for the speed_kph at-

tribute of edges, via the average maximum speed value of edges in a highway class. For a

highway class with missing maximum speed values on all edges, it assigns the average of all

maximum speed values of the graph. Because OSM has a high volume of data, it is expected

that all the segments are labeled with high-quality maximum speed values information though.

Finally, OSMnx add_edge_travel_times() calculates free-flow travel time along each edge, based

on both length and speed_kph attributes. In this case, all edges must have both attributes and

their values must be non-null. Actually, this feature is exactly what should be predicted in this

work by a regression task.

Moreover, OSMnx retrieved information encompasses several useful graph global statis-

tics on the selected road network, including the average circuity and the orientation-order, both

proposed by Boeing (2019) and detailed in Appendix A. Figure 16 presents two road network ex-

amples and their respective edge orientation distribution in a polar plot, divided into 36 sections,

whose bars represent the count of edges with that bearing orientation. It is possible to visualize

how a "grid-like" street map affects the distribution of bars in the orientation plot.

4.1.2 Selected cities

This work selects relevant cities from all continents to have a globally representative

sample of cities and to avoid the commonplace of restraining the analysis to the author’s geo-
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Figure 16 – City Road Network Graphs: (a) Recife, Brazil and (b) Miami, USA.

(a) (b)

Source: Own work (2025).

graphic location. Twelve cities have been selected: the European city of Aalborg (the same city

used in the experiments of Jepsen, Jensen and Nielsen (2020)); Brisbane in Australia; Nara in

Japan; Manhattan island, Miami, and Seattle, all in the USA; Damascus in Syria; Cape Town and

Johannesburg in South Africa; and three Brazilian cities of Curitiba, Niteroi, and Recife.

When an entire city map (i.e. a Road Network Graph including primal, dual graphs, and

feature sets) does not fit in GPU memory, it is cropped, focusing on cities’ central areas. Ap-

pendix A contains images detailing each city road network and its relevant edge feature informa-

tion. The complete data set of all Road Network Graphs, on both primal and dual representation,

along with node, edge, and between-edges features have been made publicly available1.

For this work, a Road Network Graph is characterized by 12 global features as shown in

Tables 1 and 2: number of nodes, number of edges, average node degree, average streets per

node, average circuity, entropy, average and median edge length (meters), average and median

free-flow travel time (seconds), and average and median legal speed (km/h). Moreover, a metric

called Major Highway Class Rate2 is used to represent the edge class distribution of a road

network. Global features characterize a Road Network Graph but are not directly used for GNN

training. Instead, they are used to search relationships between model performance and Road

Network Graph global features.

1 https://github.com/tcervi
2 It measures how concentrated an edge class distribution is towards a specific class by computing the

count ratio between the number of edges in the most common class and the total number of edges.
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Table 1 – Road Network Graph global features by city

City # Nodes # Edges Avg.
node

degree
(k)

Avg.
streets

per node

Avg.
circuitry

(𝜍)

Entropy
(𝜑)

Major
Hwy
class
rate

Curitiba 23,815 60,866 5.112 2.954 1.025 3.501 0.736
Niterói 6,771 15,298 4.519 2.668 1.082 3.568 0.747
Recife 19,435 49,441 5.088 2.895 1.039 3.556 0.779

Manhattan 4,420 9,572 4.331 3.587 1.015 2.622 0.472
Miami 8,500 22,617 5.322 3.246 1.023 2.492 0.677
Seattle 19,059 50,265 5.275 3.046 1.028 2.779 0.705

Aalborg 14,187 31,305 4.413 2.386 1.063 3.508 0.700
Damascus 9,206 21,749 4.725 2.867 1.073 3.529 0.648

Cape Town 23,890 62,456 5.229 2.944 1.077 3.497 0.802
Johannesburg 32,635 78,718 4.824 2.873 1.057 3.555 0.758

Nara 13,069 34,187 5.232 2.836 1.088 3.356 0.821
Brisbane 18,496 43,472 4.701 2.851 1.047 3.315 0.628

Table 2 – Road Network Graph global features by city (cont.)

City Avg. edge
length (m)

Median
edge

length (m)

Avg. travel
time (s)

Median
travel time

(s)

Avg. legal
speed
(km/h)

Median
legal

speed
(km/h)

Curitiba 103.591 91.977 9.643 8.5 39.407 38.2
Niterói 114.285 77.525 10.923 7.5 38.752 35.9
Recife 84.483 63.329 9.468 7.1 32.739 29.8

Manhattan 116.672 82.224 10.284 7.5 40.202 40.2
Miami 108.547 91.557 8.653 7.3 45.875 42.5
Seattle 109.653 92.569 11.182 9.2 35.442 32.2

Aalborg 162.229 76.315 10.980 5.9 49.129 45.1
Damascus 102.515 68.518 8.594 6.0 42.941 38.1

Cape Town 104.995 74.459 6.392 4.5 59.4091 60.0
Johannesburg 122.028 81.836 7.427 5.0 58.9230 58.6

Nara 83.510 53.825 6.622 4.3 45.547 46.0
Brisbane 113.803 91.996 8.206 6.5 50.773 50.0

4.1.3 Road network graph sets of node, edge and between-edges features

Although OSM can have rich information on both the network nodes and edges, the size

of the available feature vector might vary from city to city, and even within the same city. The

present work defines a default setup for all considered Road Network Graphs to ensure that they

all have the same set of node, edge, and between-edges features as shown in Table 3.

The node features are x and y geographical coordinates (latitude and longitude) of an

intersection. The set of between-edges features contains x and y geographical coordinates of
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Table 3 – Node, edge and between-edge features of an RGN

Node features Edge features Between-Edge features

x-coordinate latitude lanes x-coordinate
y-coordinate longitude length y-coordinate

one_way bearing
class (one-hot(5)) turn_direction (one-hot(4))

the intersection node between edges, a one-hot-encoded vector for the turn_direction (right, left,

forward, backward) and the bearing value representing the turn angle in degrees between edges.

The set of edge features contains lanes representing how many lanes a street segment has, a

length feature with the length in meters of that segment, a one_way boolean feature indicating

if the street segment has one or two traffic ways and a one-hot-encoded vector for the edge

classes.

Originally, urban road networks encompass 13 edge classes: {"residential", "living_-

street", "primary", "primary_link", "secondary", "secondary_link", "tertiary", "tertiary_link", "un-

classified", "trunk", "trunk_link", "motorway", "motorway_link"}. Details on each edge class mean-

ing can be found in Appendix A. However, an unbalanced distribution of edge classes is expected

in urban road networks. An urban scenario may have few or no “motorway” and “trunk” road seg-

ments because they are classes representing high-performance roads that connect two or more

different cities (i.e., inter-cities) and usually only outline or cross an urban network (i.e., intra-city).

Major arterial roads in a city are usually connecting different regions of the city. Therefore, edges

classified as “primary” and “secondary” are expected, but on a very lower count when compared

to “residential” or “living_street” edges. The same applies to “tertiary” and “unclassified” edges,

although minor public roads are expected to appear in higher count than major arterial roads.

Figure 17 shows the edge class distribution in the Aalborg Road Network Graph. Aalborg

is not a densely concentrated city on its territory according to Figure 17 (a). Indeed, it is consid-

erably dispersed with a high presence of arterial roads in its network. Figure 17 (b) presents a

very unbalanced class distribution towards residential and minor public road classes.
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Figure 17 – Road Network Graph: (a) Aalborg RNG and (b) edge class distribution.

(a) (b)

0 5000 10000 15000 20000
Number of Edges

living_street
motorway

motorway_link
primary

primary_link
residential
secondary

secondary_link
tertiary

tertiary_link
trunk

trunk_link
unclassified

Cl
as

se
s

Edges Classes Histogram

Source: Own work (2025).

This work does not address the natural unbalanced distribution of classes in Road Net-

work Graphs. On the contrary, the experiments test GNN architectures and evaluate their per-

formance for these unbalanced datasets. However, the unbalanced distribution of 13 different

classes might jeopardize the learning process. Therefore, we semantically group different edge

classes in order to reduce the number of features as in Table 4 (although unbalance still remains

as shown in Figure 18).

Table 4 – Edge classes grouping

Class Group Acronym Grouped Classes

Highest Performance Roads HPR "motorway"; "trunk"
Arterial Main Roads AMR "primary"; "secondary"
Minor Public Roads MPR "unclassified"; "tertiary"
Local Traffic Roads LTR "living_street"; "residential"

Link Only Roads LOR
"primary_link"; "secondary_link";

"tertiary_link"; "trunk_link"; "motorway_link"
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Figure 18 – Edge class distribution of Aalborg after grouping classes
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Source: Own work (2025).

In the present work, the final Road Network Graph for both representations can be de-

scribed by the same model used by Jepsen, Jensen and Nielsen (2020). The primal represen-

tation 𝒢𝒫 = (𝒱 ,ℰ) of an RNG is defined by a set of node features 𝑋𝒱 ∈ R|𝑉 |×𝑑𝒱 , a set of edge

features 𝑋ℰ ∈ R|𝐸|×𝑑ℰ and a set of between-edge features 𝑋ℬ ∈ R|𝐵|×𝑑ℬ with dual represen-

tation 𝒢𝒟 = (ℰ ,ℬ). Figure 19 shows an example of an addressed Road Network Graph on its

primal (a) and dual (b) representations.

Figure 19 – (a) Primal and (b) Dual Road Network Graph representations of UTFPR (Brazil) sur-
roundings.

(a) (b)

Source: Own work (2025).

Samples of primal node and dual edge feature matrices of a city’s Road Network Graph

can be found in Table 5 and Table 6, respectively. The matrix of features is normalized using the

min-max strategy to ensure that the training values are controlled.
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Table 5 – Example of a primal Road Network Graph matrix of node features (raw and normalized)

Node ID
Primal Road Network Graph Node Features (Raw data)

Latitude (X) Longitude (Y)
0 −25.431946 −49.240482
1 −25.430780 −49.240360
... ... ...

1925 −25.440885 −49.247937
1926 −25.426805 −49.264894

Node ID
Primal Road Network Graph Node Features (Normalized data)
Latitude (X) Longitude (Y)

0 0.57097299 0.99645865

1 0.60611587 0.9985922

... ... ...
1925 0.30153123 0.86608804

1926 0.72594345 0.56953985

Table 6 – Example of a dual Road Network Graph matrix of edge features (raw and normalized)

Edge ID
Dual Road Network Graph edge features (Raw data)

Latitude (X) Longitude (Y) Turn angle (degrees) Turn direction (encoded)

0 −25.430256 −49.243278 92.2 0 1 0 0

1 −25.432489 −49.240560 116.6 0 1 0 0

... ... ... ... ... ... ... ...
9213 −25.441254 −49.236597 180.0 0 1 0 0

9214 −25.426156 −49.222144 180.0 0 1 0 0

Edge ID
Dual Road Network Graph Edge Features (Normalized data)

Latitude (X) Longitude (Y) Turn angle (degrees) Turn direction (encoded)

0 0.69677038 0.84767126 0.28343068 0 1 0 0

1 0.43360503 0.87563569 0.35843836 0 1 0 0

... ... ... ... ... ... ... ...
9213 0.65635343 0.63224805 0.55333538 0 1 0 0

9214 0.1645586 0.70625364 0.55333538 0 1 0 0

Both primal and dual representations of a city’s Road Network Graph are stored as the

PyG data format from PyTorch Geometric, a library licensed under the MIT license and built

upon PyTorch3 to easily write and train GNNs for a wide range of applications. A PyG data object

contains at least the following properties: x, storing the graph node features tensor; edge_index,

storing the graph adjacency list; edge_attr, storing the graph edge features tensor; y, storing the

labels for classification tasks, or features values for prediction tasks. Both the primal and dual

feature matrices are normalized before being stored on their respective PyG Data object.

3 PyTorch is an optimized Python tensor library for deep learning using GPUs and CPUs, licensed
under the Caffe2 license, which can be easily extended by other Python packages (e.g. NumPy, SciPy,
Cython) when needed.
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4.2 Experimental setup

This work conducts a set of experiments aiming to explore GNN representation learn-

ing on Road Network Graphs, specifically for edge regression tasks, considering the research

questions presented in Table 7.

Table 7 – Performed experiments

Name Research question Justification

Baseline Are GNNs a good fit for Road Network
Graph edge regression tasks?

According to JEPSEN; JENSEN;
NIELSEN and GHARAEE et al. re-
sults, only GNNs specifically designed
for RNG task will outperform MLPs on
the RNG edge regression task.

Mini-batch How does mini-batch in gradient descent
algorithm influence GNNs’ performance?

The stochastic nature of mini-batching
might reduce the training time and reduce
the training set over-fitting.

RFN
extrapolation

How well RFNs extrapolate to new Road
Network Graphs?

GNNs specifically designed for Road
Network Graphs should learn represen-
tations that extrapolate to other/similar
cities.

4.2.1 Addressed graph neural network architectures

This work explores the application of spatial node-level GNNs on the Road Network

Graph representation learning problem, using the dual (i.e., line transformed) graph representa-

tion as input data, except for the RFN architecture (Section 3.2). RFNs are an spatial relational-

level GNN operating on both primal and dual graph representations. All GNNs explored in this

work are designed for inductive learning. They have been detailed in Chapter 3 and their imple-

mentation codes, used in the experiments, have been made available by the original authors.

The complete list of architectures can be found in Table 8.

GraphSAGE-GCN, GraphSAGE-Mean, GraphSAGE-LSTM, and GraphSAGE-Pool are

variants of the GraphSAGE4 framework, using the graph convolutional aggregator, mean based

aggregator, LSTM based aggregator, and max-pooling based aggregator, respectively. GAT-H3

and GAT-H6 are GAT5 architectures with three and six attention-headers, respectively. GIN-E and

GIN-0 are GIN6 architectures with learnable parameter 𝜀, and 𝜀 = 0, respectively. RFN-AI, RFN-

NAI, RFN-AA and RFN-NAA are RFNs variants7 with attentional aggregation and interacional

4 https://github.com/williamleif/GraphSAGE/
5 https://github.com/PetarV-/GAT/
6 https://github.com/weihua916/powerful-gnns
7 https://github.com/TobiasSkovgaardJepsen/relational-fusion-networks
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Table 8 – Models addressed in this work

Type GNN Characteristics

General

GraphSAGE-GCN GCN aggregator
GraphSAGE-MEAN Mean aggregator
GraphSAGE-LSTM LSTM aggregator
GraphSAGE-POOL Max-Pooling aggregator

GAT-H3 3 Attention headers
GAT-H6 6 Attention headers
GIN-0 SUM aggregator with 𝜀 = 0
GIN-𝜀 SUM aggregator with learnable 𝜀

Road Network Graph specific

RFN-AI Interactional fusion; Attentional aggregator
RFN-NAI Interactional fusion; Non-attentional aggregator
RFN-AA Additive fusion; Attentional aggregator

RFN-NAA Additive fusion; Non-attentional aggregator

fusion, non-attentional aggregation and interacional fusion, attentional aggregation and additive

fusion, and non-attentional aggregation and additive fusion functions, respectively.

According to the results obtained by Jepsen, Jensen and Nielsen (2020) and Gharaee et

al. (2021), in road network-related tasks, only specifically designed GNNs can outperform MLPs.

Consequently, an MLP trained with the road network features data is considered the baseline

prediction model for comparison. It uses only edge features to learn a regression model for the

desired output and therefore, disregards all structural information found on a graph dataset.

4.2.2 Training setup and performance metrics

A complete description of the test framework can be found in Section 5, but it is important

to highlight common configurations shared by all models during the experimental phase. For any

GNN training, regardless of the selected city, the input (Road Network Graph data) is split into

five disjoint folds (each one with 20% of data) for cross-validation. Each model is trained once

with 80% of the road network edges (four folds) as training data and 20% (one fold) as testing

data. The testing fold is then changed to another fold with the remaining folds as training data in

a second training round. Therefore, five models are obtained (one for each round). Training data

is additionally randomly split into training (60%) and validation (20%) subsets unless otherwise

specified.

During all experiments training phases, models’ weights are optimized using the Adam

method. It is an algorithm for first-order gradient-based optimization of stochastic objective func-

tions known to be well suited for problems with many data or parameters (KINGMA; BA, 2014).

A learning rate of 0.001 and a weight decay of 0.0001 are always the hyper-parameters chosen

for the Adam optimizer. The loss function on the validation set is constantly checked. For every

epoch in which the current validation loss is lower than the current best value, these model’s pa-

rameters are saved, overriding any previously saved parameters, and the best validation value is
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also updated accordingly. Finally, the last version of the model’s parameters (i.e., after all training

epochs) is also saved.

Given that the regression task is the prediction of free-flow travel time along each primal

RNG edge, all GNNs are assembled in such a way that regardless of their layers count, the last

layer has an output dimension of one. This way, the output of all GNNs is expected to have a

free-flow travel time estimated as a single value for each primal Road Network Graph edge.

For all explored architectures, linear weights are initialized using Glorot uniform initial-

ization. GraphSAGE-Pool and GraphSAGE-LSTM extra weights, as well as all GAT attention

weights and RFN weights, are initialized using Xavier initialization. All activation functions used

between layers are ReLU functions, except for the RFN input layer which adopts the ELU function

as in Jepsen, Jensen and Nielsen (2020) work. Also in the original paper, RFNs are designed

with an 𝐿2-normalization in place on hidden layers and no normalization on the final (i.e., output)

layer. So, the same is applied for the MLP and general-purpose GNNs hidden and output layers.

Training a graph neural network, like any other neural network, is an optimization problem

aimed at finding network weights and biases that reduce the value of the loss function evaluated

on a training sample. In Section 5.1, experiments use the entire training set (i.e., batch gradi-

ent descent - BGD) for calculating the loss function during training sessions (GOODFELLOW;

BENGIO; COURVILLE, 2016). Road Network Graph related problems though, especially when

handling cities with high populations (e.g., megalopolis), can result in graph neural networks

being trained with large datasets. When training a GNN, the whole training set is loaded into

memory, which can make batch training with bigger RNGs very expensive, and sometimes not

feasible, in terms of computational memory.

The opposite option is the stochastic gradient descent, SGD, which presents a single

example per optimization step while training (GOODFELLOW; BENGIO; COURVILLE, 2016).

It might also not be desirable though, due to the consequent increase in training time, result

of the size of nodes/edges scale in bigger Road Network Graphs training sets. With SGD the

randomness on the choice of single examples can lead to updates with higher variance, making

the optimization process fluctuate significantly. The sequential nature of SGD’s updates can lead

to inefficient use of modern hardware designed for parallel processing and capable of performing

multiple calculations simultaneously, by forcing it to spend a considerable amount of time waiting

for the next training example to arrive.

Mini-batch Gradient Descent is a trade-off between stochastic and batch techniques.

Instead of using a single training sample per iteration, it calculates the loss function average

over a small number of samples, called mini-batch (GOODFELLOW; BENGIO; COURVILLE,

2016). This averaging process reduces update variance compared to the SGD approach. As

a result, it tends to provide more stable optimization, with smoother convergence during the

training of GNNs. Additionally, it updates the model’s parameters more frequently than BGD,

which can result in faster training convergence. It also efficiently utilizes the parallel processing

capabilities of the hardware, ensuring that multiple (i.e., mini-batch size) calculations can be
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performed simultaneously, maximizing computational resource usage and accelerating training

times.

Mini-batch Gradient Descent is explored in detail as part of the experiments of Sec-

tion 5.2, not only to find a good balance between resource usage and computational time but

especially to understand the role of the mini-batch size, a training parameter, on the learning

capacity of graph neural networks when applied to Road Network Graph related tasks. Different

batch sizes are considered and their effects on the training of models are evaluated. Section 5.2

results support the choice of the mini-batch size used in Section 5.3. Details on mini-batching

can be found in Appendix D.

Training loss function or inference performance metrics are, throughout this work, calcu-

lated by three different error measures: the Mean Absolute Error (MAE), Root Mean Squared

Error (RMSE), or Mean Absolute Percentage Error (MAPE) (ANTHONY; BARTLETT, 1999).

The Mean Absolute Error (MAE) is defined by Equation 33.

MAE =
1

𝑛
·

𝑛∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖| (33)

where 𝑦𝑖 and 𝑦𝑖 are the actual and predicted travel times of 𝑛 values, respectively.

The Root Mean Squared Error (RMSE) is defined by Equation 34.

RMSE =

⎯⎸⎸⎷ 1

𝑛
·

𝑛∑︁
𝑖=1

(𝑦𝑖 − 𝑦𝑖)
2 (34)

Due to a quadratic form, the gradient descent has a single global minimum.

The Mean Absolute Percentage Error (MAPE), also known as mean absolute percent-

age deviation (MAPD), is a normalized error (scale independent). It is suitable for prediction

evaluation when predicted values vary on different scales. It can be expressed by Equation 35.

MAPE =
100

𝑛
·

𝑛∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖
𝑦𝑖
| (35)

However, near-zero actual travel times can deteriorate MAPE value.

The loss function can have a significant impact on the model’s regression performance,

depending on the domain of the problem and it is important to perform an exploratory analysis

on the effect of different choices of loss function for the problem presented in this work.

For Road Network Graph datasets with varying edge lengths and driving speeds, it is

expected that free-flow travel times can also vary too much. In this case, MAE and RMSE might

become poor evaluation metrics. For example, a prediction absolute error of 2 seconds is rel-

evant if the target value is 5 seconds (40%) but is almost irrelevant (2%) if the target value is
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100 seconds. A discussion on the influence of those functions is detailed in the experiments of

Section 5.1.
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5 EXPERIMENTS AND RESULTS

The experimental framework used for this work has been designed to ensure that the

same GNN structural assembling and training routines are shared between all the evaluated

models, providing classes that can be parameterized to change only the GNN layer architecture

when needed. Source code is publicly available1.

All experiments have been executed in a PC with the following specs: 12th Gen Intel(R)

Core(TM) i7-12700F Processor with 12 cores (2 Threads per core), CPU max frequency of

4900.0000 MHz and minimum frequency of 800.000 MHz; 32GB RAM; NVIDIA GeForce RTX

3060 Ti Graphic Card with 8 GB GDDR6 memory available and 4864 CUDA cores.

The performed experiments have been designed to find to find answers to this work’s

research questions presented in Chapter 1. Section 5.1 compares different GNN models on the

addressed edge regression task, using an MLP as the comparison baseline. Section 5.2 explores

various batch sizes in the mini-batch gradient descent training algorithm. Section 5.3 describes

the results obtained from RFN variants when learning from each one of the twelve selected cities

and extrapolating learned knowledge to the remaining cities.

5.1 Are GNNs a good fit for Road Network Graph edge regression tasks?

Experiments in this section aim to evaluate the selected GNN architectures (Section

4.2) on their representation learning capacities when trained with Road Network Graphs. The

evaluation criterion is the edge free-flow travel time (in seconds) prediction performance. The

objective here is to verify whether only specifically designed GNNs can outperform baseline

models, like MLPs, as per the results of (JEPSEN; JENSEN; NIELSEN, 2020) and (GHARAEE

et al., 2021).

5.1.1 Data

The chosen input road network for the experiments performed in this section is Aalborg

City in Denmark (Figure 20), the same used in (JEPSEN; JENSEN; NIELSEN, 2020). The used

Road Network Graph is similar to the one used in the reference work2. Its primal representation

has a total of 14187 nodes and 31305 edges, while its dual representation has 31305 nodes and

82600 edges. The set of features is the default for the assembled Road Network Graph dataset

(see Section 4.1.3 for details):

1 https://github.com/tcervi
2 Aalborg’s network in (JEPSEN; JENSEN; NIELSEN, 2020) has 16294 nodes, 35947 edges and 94718

between-edges, with 3 features per node (city zones), 16 features per edge (length, 3 origin and 3
destination node features and 9 possible edge classes) and 5 between-edge features (1 turning angle
and 4 turn directions).
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• 2 Node features: x (latitude) and y (longitude) coordinates of the intersection;

• 8 Edge features: length (meters), number of lanes, one-way (boolean flag) and a vector

encoding 5 possible edge classes;

• 7 Between-edge features: x (latitude) and y (longitude) coordinates of the connecting

node, turning angle and a vector encoding 4 possible turn directions;

Figure 20 – Aalborg’s (Denmark) road network graph.

Source: Own work (2025).

The present work targets the free-flow travel time regression, using information retrieved

directly from OSM (Section 4.1.3) as the travel time ground truth values, while Jepsen, Jensen

and Nielsen (2020) use an average of historical GPS data from a private dataset on their work.

In Aalborg’s dataset, edge lengths (in meters) and travel times (in seconds) distributions

are represented by a peak of samples of small values, followed by a long tail that reaches bigger

values (Appendix A - Figure 31 (c) and (d)). That is, both characteristics appear on a scale

with a large width. There is also a clear unbalanced distribution (Appendix A - Figure 31 (e)

and (f)) of legal speed (in kilometers per hour) and edge classes (see Section 4.1.3). This is

another characteristic of this dataset that is expected for cities, where most of the road segments

would belong to residential areas, connected by fewer expressways, eventually surrounded by

motorways.

5.1.2 Training with different loss functions

Although this experiment aims to evaluate the selected GNN architectures on the edge

free-flow travel time (in seconds) regression performance, multiple training loss function are eval-

uated for each model. Jepsen, Jensen and Nielsen (2020) use the Mean Absolute Error (MAE),

in seconds, however, the present work explores the effects of different loss functions on the
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gradient-based learning, using first the same metric (MAE), then the Root Mean Square Error

(RMSE) and later the Mean Absolute Percentage Error (MAPE).

Aiming to ensure a fair comparison between the final validation and test results, all train-

ing processes described in this section share the same experimental setup, summarized in Ta-

ble 9.

Table 9 – Experimental Parameters Setup

Parameter Value Parameter Value

Layers 2 Hidden Size 16

Input Size Feature vector size3 Output Size one4

Activation Function ReLU5 Training Epochs 1000

Learning Rate 0.001 Weight Decay 0.0001

Optimizer Adam6 Cross-Validation 5-fold
Training Set 60% # Batches one7

Validation Set 20% Test Set 20%

The MLP and general-purpose GNNs are configured with 2 layers each: the input layer

with an input dimension of 15 (i.e., number of edges features) and and output dimension of

16 (i.e., hidden layer dimension); and the output layer with an input dimension of 16 and an

output dimension of 1. RFNs are also configured with 2 layers each, with the exception that such

models operate on both the primal and the graph representations simultaneously, therefore the

input dimension may vary: 2 for node (i.e, primal) features, 15 for edge (i.e., dual) features and

7 for between-edge features (i.e., the single feed-forward transformation included on each RFN

layer according to Section 3.2).

Aalborg’s RNG dataset is split into 5 disjoint sub-groups of edges and a 5-fold cross-

validation procedure is adopted to mitigate the data partition bias. The same 5-fold separation

described in Chapter 4 is used to train all models, including the same training, validation and

test samples, such that there is a common base for comparison between models. There is no

batching division in this experiment, so the full dataset is always fed to the training routine,

naturally respecting the Test, Validation and Training divisions.

For all models, a total of 1000 epochs of training is executed and for each epoch, the

current loss function is evaluated over the validation set. At the end of each training session, the

best model (i.e., the model with the lowest loss on the validation set) and the last model (i.e.,

the model after 1000 epochs) are saved to predict the free-flow travel time for each of the five

test samples. Since this experiment uses 5-fold cross-validation, the presented results are the

averages of five tests.

3 Node, edge, or between-edge.
4 Only the edge representation output is considered since the experiment explores edge regression.
5 Except for the RFN input layer, designed with the ELU function (JEPSEN; JENSEN; NIELSEN, 2020).
6 See (KINGMA; BA, 2014)
7 A single batch containing the entire training set is used.
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Table 10 – Trained Models Information

Model Avg. Training Time (seconds) Number of Parameters

MLP 2.90.32 161

SAGE-MEAN 4.80.3 305
SAGE-GCN 4.40.1 161

SAGE-POOL 5.20.1 649
SAGE-LSTM 20.10.4 3057

GAT-H3 6.80.2 585
GAT-H6 12.40.1 1170

GIN-0 4.90.2 873
GIN-E 4.60.2 873

RFN-AI 266.50.5 5783
RFN-NAI 262.50.1 5682
RFN-AA 259.00.3 918

RFN-NAA 254.80.2 817

Table 10 summarizes the baseline and GNN’s total (i.e., for 1000 epochs) training time

(in seconds) and the total number of learned parameters. It is important to highlight that in this

work models are compared based on testing performance after being trained for the same num-

ber of epochs8, regardless of the time required for computing that amount of epochs. Different

models might have different numbers of learnable parameters and, therefore, might require more

computational time for each optimization step. SAGE-GCN, for example, has the same number

of parameters as the MLP. However, as it uses the message-passing mechanism, the training

time is higher than a simple MLP which completely discards the graph structure during training.

Appendix B details the learning curves of each one of the explored models. Figure 21

(a) presents all models’ learning curves when using MAE as the loss function. Results show

that after 1000 epochs of training with this function, the baseline model - MLP - presents a final

validation MAE of 8.26, reducing its initial loss value by about 25%. Both GIN variants are unable

to overcome the baseline MLP validation performance, reducing the initial loss only to about 3%

and 12% before converging to values of 9.27 for GIN-E and 10.44 for GIN-0. Compared to the

baseline, GIN models perform worse on the validation set. The remaining general-purpose GNNs

converge to similar values, differing mainly on the curve shape and the convergence epoch. GAT-

H3, GraphSAGE-Pool and GraphSAGE-LSTM present a final validation MAE of 7.90 while, while

GAT-6 presents a final validation MAE of 7.92 and both the GraphSAGE-GCN and GraphSAGE-

Mean present a final validation MAE of 8.02.

On the RFNs results, both models with additive fusion present similar performance of

5.53 (RFN-AA) and 5.63 (RFN-NAA), both about 32% better than the MLP baseline and 29%

better than the majority of the explored general purpose GNNs (disregarding the GIN models).

Additive RFN learning curves do not present a convergence pattern within 1000 epochs, yet they

show a fast loss decrease during the first 200 epochs, and then a step followed by a slower loss

decrease persists for the epochs. RFNs with interactional fusion (i.e., RFN-AI and RFN-NAI),

8 i.e., after the same amount of gradient optimization steps.
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on the other hand, have the best MAE performances of 1.55, about 81% better than the MLP

baseline and 80% better than the general purpose GNNs performance.

Figure 21 – Training with different loss functions: (a) MAE, (b) RMSE and (c) MAPE
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Figure 21 (b) shows all models’ training curves when using RMSE as the loss function.

When training with RMSE none of the general-purpose GNNs can relevantly outperform the

MLP baseline final validation result of 19.93. Moreover, the difference between those models’

final validation values is even smaller. Again, both GIN variations have the worst performance

with an RMSE value of 20.53 for GIN-E and 20.51 for GIN-0, 3% worse than baseline.

Results show a relevant difference in learning power during the initial training epochs. It

is important to highlight that neither of the two additive fusion variations when trained with the

loss function, converges within 1000 training epochs. The final validation value and the learning

curves differ a lot from their interactional counterpart. Although additive RFNs are still relevantly

better on this regression task than the baseline MLP and the general purpose GNNs, the differ-

ence to its interactional counterparts might be indicative that for this task, with this urban road

network, only summarizing relationships (i.e., additive fusion) is desirable but modeling interac-

tions (i.e., interactional fusion) can increase even more the learning power.

Although no relevant performance gains are verified when using general purpose GNNs

instead of a simple MLP with RMSE as the loss function, Figure 21 (b) pictures a result that this

function accentuates the regression performance differences between RFNs and other models.

On the very first training epoch, all RFNs have already an RMSE validation value lower than

10, while baseline and general purpose GNNs have an RMSE value higher than 20 for the same

epoch. Again, there is no verified performance enhancement when using attentional aggregators.

And finally, the interactional RFNs are still the best performant models with RFN-AI converging

to an RMSE value of 1.07 and RFN-NAI converging to a value of 1.10, both 95% better than

the baseline, while RFN-AA converges to an RMSE value of 3.93 and RFN-NAA converges to a

value 3.99, both 80% better than the baseline.

Finally, Figure 21 (c) illustrates all models’ training curves when using MAPE as the

loss function. Learning curves have similar shapes to the ones presented when MAE is used

as the loss function (Figure 21 (a)). It is important to highlight though, that when training with

MAPE none of the general-purpose GNNs can outperform the MLP baseline final validation

MAPE (around 0.77) significantly. With MAPE, both GIN variations are still the worst-performing

models. GIN-E converges to a MAPE value of 0.87, 13% worse than the baseline, while GIN-

0 converges to a MAPE value of 0.82, 6% worse than the baseline. Compared to the baseline,

both GAT and all four GraphSAGE variants converge to similar values, differing only on the curve

shape and the convergence epoch. No relevant performance gains, when using general-purpose

GNNs instead of a simple MLP, occur when MAPE is used as the training loss function.

RFN-AA converges to a MAPE value of 0.28, 64% better than the baseline, while RFN-

NAA converges to a value of 0.29, 62% better than the baseline. The interactional RFNs are

again the best models, converging to MAPE values of about 0.10, 87% better than the baseline.

Trained with MAPE, interactional RFNs also present a learning curve with accentuated gains

between epochs 100 and 200, when the validation MAPE value drops from 0.7 to 0.2.
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When comparing the different GNNs learning curves against the MLP baseline, re-

sults presented in this section show that even when the final validation performed is not rel-

evantly enhanced, the use of GNNs introduces learning patterns that differ from the simple

baseline. GraphSAGE-GCN and GraphSAGE-Mean present a faster learning curve, especially

when trained with MAPE. GraphSAGE-Pool and GraphSAGE-LSTM present even faster learn-

ing curves, but also are the models that present over-fitting patterns when trained with RMSE

and MAPE. Between both GAT-H3 and GAT-H6 models, the increase in the number of attention

headers does not enhance the learning power of those models. Among the general-purpose

GNNs selected for this experiment, GIN-0 and GIN-E have the worst validation performance,

with learning curves that are even slower than the baseline.

When analyzing RFNs, it is possible to notice a more significant increase in the steepness

of the learning curve decrease. More than that, none of the explored RFNs present over-fitting

patterns. The RNF’s attentional aggregator, proposed by Jepsen, Jensen and Nielsen (2020),

does not significantly enhance the learning behavior of RFNs on Aalborg’s Road Network Graph

version explored in this work. Also, the additive fusion-based RFNs present a slighter steep-

ness on the learning curves compared to their interactional counterparts, probably due to the

difference in both numbers of learnable weights and biases.

Table 11 – Average Aalborg’s training errors with standard deviation as subscript

Model
Loss Function

MAE RMSE MAPE

MLP 8.260.32 19.930.85 0.7710.006
SAGE-GCN 8.020.30 19.700.77 0.7700.006

SAGE-MEAN 8.020.30 19.700.77 0.7700.006
SAGE-POOL 7.900.27 18.880.72 0.7650.005
SAGE-LSTM 7.900.27 18.910.73 0.7650.008

GAT-H3 7.900.27 19.000.77 0.7670.006
GAT-H6 7.920.28 19.160.80 0.7680.006
GIN-0 10.440.78 20.511.66 0.8230.100
GIN-E 9.271.51 20.530.91 0.8700.119
RFN-AI 1.550.09 1.070.06 0.1020.004

RFN-NAI 1.550.07 1.100.04 0.0990.004
RFN-AA 5.530.27 3.930.17 0.2790.005

RFN-NAA 5.630.24 3.990.18 0.2850.003

Table 11 summarizes the training information. The conclusion of this training and valida-

tion analysis states that, regardless of the chosen loss function, general-purpose GNNs do not

outperform a simple MLP on this free-flow travel time regression task.
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This is initially not expected for GNNs9 but aligns with results provided by Jepsen, Jensen

and Nielsen (2020). Small validation gains of general purpose GNNs do not justify the increase in

the number of model parameters and training time (Table 10). When comparing the RFN variants,

it is clear that RFNs outperform not only the simple MLP, but also all the general purpose GNN

variants on this edge regression task. Despite the big increase in the number of parameters and

training time (Table 10), the results point out that RFNs (especially the variants with interaction

fusion) are the better-suited models for this edge regression task.

Additionally, for all loss functions, the role of different fusion functions is clear and still

aligned with Jepsen, Jensen and Nielsen (2020). The original paper and the present work’s

results differences are mainly on the scale of the performance enhancements and the scale of

the difference between interactional and additive models. RFNs with additive fusion functions

have the worst performance among the RFN variants and the attentional aggregation does not

show any relevant help on the models’ regression performance. This might indicate that the

low-density of Aalborg’s road network (i.e., small node average degree) does not play a role as

important as the volatile homophily. In other words, outlier neighbors do not affect the training

process as much as the sharp boundaries between homophilic regions of the Road Network

Graph. The next section explores the results of predicting free-flow travel times on the test sets,

i.e. sets that are not used to measure the regression loss during the training process.

5.1.3 Testing the trained models

The results for the free-flow travel time regression performance on test sets are summa-

rized in Figure 22, where each model is represented by a blue bar corresponding to its average

regression performance, and black lines represent the 95% confidence interval. Figure 22 (a)

shows that, except for the GIN model, the baseline GNNs are on average 5% better than the

MLP baseline when trained and evaluated using the Mean Absolute Error (MAE), the same cost

function used as evaluation criteria in Jepsen, Jensen and Nielsen (2020).

9 GNNs are models specifically designed to leverage structural information from graph datasets and,
therefore, should outperform models that entirely disregard that information
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Figure 22 – Test results for models trained with different loss functions: (a) MAE, (b) RMSE and (c)
MAPE
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Figure 22 also shows that RFNs are the best models for this road network task, but in

scales that differ from Jepsen, Jensen and Nielsen (2020) original work. For the original authors,

additive RFNs present 27% of performance enhancement when compared to the MLP base-

line, while this work results show 32% of enhancement, and interactional RFNs present 33%

of performance enhancement, while this work results show 81% of regression performance en-

hancement. The main difference between both results is the performance gap between additive

and interactional RFNs. There are two possible reasons to explain it: the small differences in

the road network modeling (Section 5.1.1) or the possible differences in the target values (i.e.,

travel-time data) used. Finally, it is also possible to verify that RFNs are not only better in aver-

age performance but also that their results with 95% confidence intervals are narrower than the

general purpose and baseline intervals.

Table 12 summarizes the baseline and GNN test performance - i.e., regression perfor-

mance on the test - for all the three used loss functions: MAE, RMSE and MAPE. Models are

trained with a single loss function and tested for all three functions. Bold values in each column

highlight the best performance.

Table 12 – Average Aalborg’s testing errors with stardard deviation as subscript

Model
Training with MAE Training with RMSE Training with MAPE

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

MLP 8.262.55 19.505.74 0.9710.365 8.022.44 19.225.70 1.1020.432 9.582.87 20.435.77 0.7720.035
SAGE-GCN 8.052.35 19.225.66 1.1490.559 7.952.20 19.015.55 1.3000.672 9.582.84 20.445.75 0.7690.027

SAGE-MEAN 7.892.21 18.925.57 1.3400.630 8.441.71 18.495.28 2.1011.235 9.522.87 20.405.77 0.7690.038
SAGE-POOL 7.872.19 18.865.55 1.3720.614 9.401.57 18.304.91 2.7381.247 9.472.85 20.375.76 0.7600.030
SAGE-LSTM 7.882.19 18.875.56 1.3700.622 9.371.59 18.324.95 2.7101.194 9.472.83 20.365.75 0.7590.032

GAT-H3 7.882.19 18.895.56 1.3560.623 8.631.67 18.415.19 2.2381.127 9.552.86 20.415.77 0.7690.034
GAT-H6 7.902.24 18.975.61 1.2960.596 8.211.86 18.515.40 1.8790.905 9.552.87 20.425.77 0.7670.032
GIN-0 10.513.42 20.926.01 0.9370.092 9.692.37 19.705.42 1.3510.668 10.052.59 20.705.61 0.8350.095
GIN-E 9.133.11 19.966.03 0.9410.139 9.591.78 19.634.15 1.4070.677 10.322.39 20.845.46 0.8810.112
RFN-AI 1.580.05 1.120.04 0.2050.015 1.570.06 1.110.04 0.1840.035 3.490.13 2.470.09 0.1000.004

RFN-NAI 1.630.15 1.160.11 0.2160.022 1.630.11 1.150.08 0.1970.036 3.400.08 2.410.06 0.1010.008
RFN-AA 5.500.07 3.890.05 0.6660.010 5.550.12 3.920.09 0.6770.013 6.400.07 4.530.05 0.2780.002

RFN-NAA 6.400.07 4.530.05 0.2780.002 5.640.08 3.990.06 0.6920.010 6.450.12 4.560.08 0.2830.003

According to Table 12, testing results do not show relevant differences between using

MAE or RMSE for training a model. Models trained with both loss functions present similar per-

formance results even when a model trained with MAE is tested with RMSE (and vice versa). The

same does not apply for tests with MAPE though. Baseline and general purpose GNNs models

trained with MAE or RMSE present bad MAPE performance (i.e., higher than 0.9), while RFNs

models present test results of 0.2 for interactional and 0.7 for additive variants. Since this work

targets a free-flow travel time regression it is important to consider the average percentage error,

especially if models are aimed to provide predictions to drivers or urban planners, use cases in

which the percentage error might be more meaningful than a small mean absolute error.

When trained with MAPE, obviously, models achieve lower MAPE test results in compar-

ison to models trained with MAE and RMSE. It is interesting to point out though, that when those

models are tested with MAE or RMSE, it present values that are only slightly worse than the test
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values of models trained with MAE and RMSE. That is: when trained with MAPE, models are

not only able to reduce the final average percentage error but by doing that they also achieve

relevantly good average absolute errors. This is true for the free-flow travel time regression task

on urban networks since target values (i.e., travel times in seconds) are concentrated on a small

scale (e.g., below 20 seconds). Baseline and general purpose GNNs achieve quite similar aver-

age absolute errors, but present MAPE values of 0.7 instead of the values above 0.9 presented

when trained with MAE or RMSE. RFNs achieve slightly worse average absolute errors com-

pared to those trained with MAE or RMSE, but on the other hand, achieve MAPE values of 0.1

for interactional and 0.3 for additive variants.

Figure 23 – Sample of GNN Models’ Train vs. Test Matrices: (a) GraphSAGE-MEAN, (b) GAT-H3, (c)
RFN-AI and (d) RFN-AA
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Figure 23 pictures test results with different performance metrics, providing a different

view of results presented in Table 12. It shows metrics matrices for four models, presenting for

each loss function its respective regression test performance when using each of three cost func-

tions (i.e., MAE, RMSE and MAPE). Models are sampled to represent the simplest GNN model

with more parameters than the baseline MLP, GraphSAGE-MEAN; the best performant between

all GAT and GIN variants, GAT-H3; and both RFN variants, one with each fusion operator, RFN-

AI and RFN-AA. Each row corresponds to the loss function used to train the model and each

column corresponds to the trained model test regression performance, one for each error metric

(i.e., loss value).

Appendix D presents in detail, for all models explored in this section, prediction plots

picturing how far each free-flow travel time prediction is from its correspondent truth value (in

seconds). It has one plot for each model trained with each loss function.

5.2 How does mini-batch in gradient descent algorithm influence GNNs’ performance?

Section 5.1.2 experiments have explored different models by training with the entire set

of training examples when computing an epoch loss. This technique is called batch gradient

descent (BGD), or deterministic learning, in which the gradient is optimized only once per epoch

(GOODFELLOW; BENGIO; COURVILLE, 2016). In their experiments though, Jepsen, Jensen

and Nielsen (2020) applied the Mini-batch Gradient Descent technique, dividing their training set

into batches of size 256. Although there is no deep discussion on the mini-batch size choice, the

authors point models’ convergence within 20 to 30 epochs, a significant decrease on the order of

200 to 400 epochs required for the models to converge on previous experiments (Section 5.1.2).

This sub-section explores different sizes of mini-batches for training GNNs with Road Network

Graphs, described below:

Table 13 – Aalborg’s Road Network Graph Training: batch sizes

Batch Size Batch Count

Full training set 23478 1

Mini-Batch

2048 11
1024 22
512 45
256 91

Previously, during the Aalborg road network BGD training (Section 5.1.2), for each train-

ing epoch the loss average was calculated for 23478 samples (i.e., the entire training set) and

only a single optimization step was taken. When using mini-batch, for each epoch the loss func-

tion is averaged for 𝑏 samples, where 𝑏 is the mini-batch size, and the gradient is optimized once

for each mini-batch. Clearly, the processing time of an epoch would increase with mini-batching,
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since there would be 𝑛 optimization steps10 instead of a single one, for each epoch. The coun-

terpart of the increase in the processing time is that, with this technique, model’s parameters are

updated more frequently, reducing the number of epochs required for a model to converge. Ad-

ditionally, the stochastic nature of mini-batch training can help the training optimization to avoid

being tied to local minimums.

Additionally, to avoid biasing the training towards any particular edge feature, training

batches are generated without ensuring that: i) each batch maintains the same distribution for

any edge feature, and ii) each batch exhibits a distribution similar to the entire training set. Apart

from biasing the training process, ensuring that batches maintain the distribution of edge features

from the entire training set would require preprocessing steps, which extrapolate the scope of

this work. Also, the mini-batches order is randomly shuffled for each epoch, such that the mini-

batches are not always presented in the same order as the trained model.

For this mini-batch experiment all the three loss functions - MAE, RMSE and MAPE -

are again used but each training session takes only 80 epochs, instead of 1000 epochs of the

previous experiment. According to Jepsen, Jensen and Nielsen (2020) results, 80 epochs are

enough for GNN models to converge. So, each model is trained, for each loss function, once

for each mini-batch size presented in Table 13, with the same experimental setup presented

in Table 9. Appendix D details each training session in learning curve plots for all the different

mini-batch sizes. It also presents Tables 16, 17, 18 and 19 summarizing all mini-batch training

session results, where bold values are the best achieve performance.

Table 14 – Mini-batch training: Computational time analysis

Model
Average Epoch Computation Time (seconds)

𝑏 = 2347811 𝑏 = 2048 𝑏 = 1024 𝑏 = 512 𝑏 = 256

MLP < 0.01 0.01 0.02 0.03 0.06

SAGE-GCN < 0.01 0.02 0.04 0.07 0.13
SAGE-MEAN < 0.01 0.02 0.04 0.07 0.13
SAGE-POOL 0.01 0.03 0.06 0.11 0.21
SAGE-LSTM 0.02 0.14 0.26 0.51 1.02

GAT-H3 0.01 0.05 0.09 0.17 0.32
GAT-H6 0.01 0.09 0.18 0.34 0.67

GIN-0 < 0.01 0.02 0.05 0.07 0.13
GIN-E < 0.01 0.02 0.05 0.07 0.14

RFN-AI 0.27 2.85 5.71 11.66 23.76
RFN-NAI 0.26 2.90 5.64 11.50 23.47
RFN-AA 0.26 2.84 5.56 11.55 22.94

RFN-NAA 0.26 2.81 5.48 11.48 22.52

Table 14 presents the increase on the average computation time of each training epoch

when the mini-batch size is reduced. As expected, the smaller the batch size the higher the

number of batches in which training data can be split into, as per Table 13, and for each batch

10 Where 𝑛 is the number of mini-batches of size 𝑏 (e.g., 𝑏 = 256) the training set can be divided into.
11 This column presents, for comparison, the average epoch computation time during the batch training

executed as part of Section 5.1 experiments
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a new optimization step is taken. Additionally, a comparison between the MLP baseline and

any of the graph neural networks highlights the effect of the message-passing mechanism on

the computation time. GNNs will make use of it to leverage structural information but it has a

processing cost of one message passing round per optimization step.

The bigger the Road Network Graph, the bigger the expected increase on processing

time. It is expected though, despite of the training time increase, that the stochastic nature of

mini-batch training will enhance the final test performance of models after training. The perfor-

mance results should always be compared keeping the computation time in mind, such that a

good balance between both is found.

The analysis of different batch sizes, for the baseline and general-purpose GNN models,

is depicted in Figure 24. It shows the test performance of each model, when trained with each

batch size, for all the three loss functions: MAE (a), RMSE (b) and MAPE (c). The test perfor-

mance is measured using the trained models to predict values on the test set, that is edges

not used in the training phase, and the final result is an average of five tests (i.e., 5-fold cross-

validation). Horizontal bars represent the average test values and colors are used to differentiate

the batch sizes adopted during the mini-batch training.

Regardless of the loss function used for training, the effect of mini-batch on the final

regression test performance is almost irrelevant for the generic purpose GNNs, except for the

GIN models that seem to struggle with the batch training and with mini-batch training with bigger

sizes of batches, when its test result is worst in comparison with other GNNs. For 512 and 256

batch sizes, GIN models can achieve test performances very similar to all other general-purpose

GNNs. But again, since its final loss reduction is almost insignificant, even the best suitable

mini-batch sizes can only bring GIN performance closer to the baseline and general-purpose

GNNs.

Figure 25 pictures the effect of different batch sizes on the test performance of the re-

lational fusion network variants when trained with the three loss functions: MAE (a), RMSE (b)

and MAPE (c). The test performance is measured by using the trained models to predict values

on the test set, that is not used in the training phase, and the final result is an average of five

tests (i.e., 5-fold cross-validation). Horizontal bars represent the average test values and colors

are used to differentiate the batch sizes used during the mini-batch training.

Results show the relevant effect of mini-batching training for additive RFNs. For all loss

functions, the smaller the batch size the better the RFN test performance. The scale of the perfor-

mance enhancement is bigger for additive RFN variants, which seem to benefit even more from

mini-batch training. Overall, with batches of size 256, additive RFNs present test performances

relatively closer to their interactional counterparts. This result is now aligned with Jepsen, Jensen

and Nielsen (2020) results, where additive RFNs performed slightly worse than interactional

RFNs on the regression task.
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Figure 24 – Mini-batch test performance for the MLP and generic purpose GNNs trained with (a)
MAE, (b) RMSE and (c) MAPE
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Figure 25 – Mini-batch test performance for the RFN variants trained with (a) MAE, (b) RMSE and
(c) MAPE
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Applying Mini-batch Gradient Descent reveals the limited learning power of baseline

MLPs and general-purpose GNNs for the Road Network Graph problem, with negligible per-

formance improvements. In contrast, Relation Fusion Networks show significant performance
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enhancements with this technique. For the explored dataset, Interactional RFNs outperform Ad-

ditive RFNs, but both benefit from Mini-batch Gradient Descent.

5.3 How well RFNs extrapolate to new Road Network Graphs?

Although Jepsen, Jensen and Nielsen (2020) have presented a new GNN architecture

that is proven to be best suited for Road Network Graphs learning tasks, there is still no discus-

sion on the generalization power of RFN learned knowledge. This section explores how well a

relation fusion network can extrapolatewhat is learned from a Road Network Graph to a different

one. General-purpose GNNs explored in Sections 5.1.2 and 5.2 are not used in this section.

Each model is trained once with each of twelve different Road Network Graphs and

tested not only on its own test set but also on the other eleven cities. The number of network

layers (i.e., 2), the hidden size (i.e., 16) and the learning rate (i.e., 0.001) remain the same from

Section 5.1.2, but based on the results of Section 5.2 this section uses mini-batch training with

batches of size 512 and 100 training epochs. Every trained model is evaluated using the mean

average error (MAE) as the performance metric.

Two regression scenarios are considered in this section: i- self-test, which trains the

model on a city A and tests it on unseen data (edges) for the same city, i.e., this scenario evalu-

ates the generalization of regression on travel time with a fixed topology; and ii- extrapolationtest,

which trains the model on a city A and tests it on an entirely new data from other cities, i.e., this

scenario evaluates extrapolationof regression on travel time for a varying topology – this is use-

ful to explore how well an RFN can extrapolatewhat is learned from a Road Network Graph to a

different one.

Figure 26 shows the results, for each, city of the average self-test regression error of

interactional fusion RFNs (RFN-AI and RFN-NAI) and additive fusion RFNs (RFN-AA and RFN-

NAA). Light blue bars show results for attentional RFNs, dark blue bars for non-attentional RFNs,

and black lines represent the 95% confidence intervals.

Notice in Figure 26 that the same RFN presents different regression errors when applied

to different cities. An example is RFN-AI which presents lower self-test MAE values for Aalborg

and Manhattan than it does for Niteroi and Seattle. In general, interactional RFNs present better

regression results than additive RFNs. Moreover, there are no relevant differences between RFN-

AI and RFN-NAI, or between RFN-AA and RFN-NAA, for any city. Therefore, results show that

the attentional aggregator does not enhance the learning capacity of those regression models

on this regression task. For all RFNs the confidence interval is clearly narrow, indicating a good

predictability of the self-test regression errors.

Figure 27 shows the average extrapolation-test regression error of interactional and ad-

ditive RFNs trained with a single city data and tested with data from all other cities. As expected,

Figure 27 shows higher regression errors than Figure 26, indicating that the task of training an

RFN for one city and testing it in other cities is even more challenging. Similar to the self-test
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Figure 26 – Self-test regression MAE performance for interactional and additive fusion RFNs.

Source: Own work (2025).

Figure 27 – Extrapolation-test regression MAE performance for different RFNs when trained for
one city (vertical labels) but tested with data from all other cities.

Source: Own work (2025).

results, the attentional aggregator does not enhance the learning capacity of models. However,

the results are slightly better for additive variants than for interactional fusion variants. It is impor-

tant to point out that RFNs trained with road networks that performed best in the self-test (i.e.,

Aalborg and Manhattan) are the two worst performers on the extrapolation test.

Figure 28 presents the Pearson correlation between self-test and extrapolation-test re-

gression errors of cities for interactional and additive fusion RFNs. The Pearson correlations

are 0.43, 0.42, -0.81, and -0.82 for RFN-AA, RFN-NAA, RFN-AI, and RFN-NAI, respectively.

The positive correlations between their self and extrapolation tests enforce that additive RFNs

extrapolatebetter than interactional RFNs which exhibit negative correlations.
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Figure 28 – Correlation between test performances (MAE) for RFNs with (a) interactional and (b)
additive fusion.

(a) (b)

Source: Own work (2025).

Figure 29 details the extrapolation-test of each RFN variant for each city. Each row con-

tains the average extrapolation-test regression error of a model trained with data of a city (row

label) and tested individually on all remaining cities (column labels). The lowest error in a row

often occurs in the diagonal entry as expected, i.e., for the self-test scenario. In addition, note

that entries in the heatmap are not symmetric. Therefore, the results of training an RFN for city

A and testing in city B are not the same as training for B and testing in A.

The idea of extrapolating learned knowledge to other cities should be better investi-

gated by relating road network global features to the corresponding regression errors. Figure

30 presents the heatmap of Pearson correlations between road network features and the corre-

sponding regression error of each RFN variant, using data of all cities for both tests (self-test and

extrapolation-test). Information from all cities is used to generate this heatmap, and the Pearson

correlation coefficient (PCC) is the coefficient used to measure the linear correlation between re-

gression performance and feature values. The correlation coefficient ranges from -1 to 1, where

the value 1 implies that a linear equation perfectly describes the relationship between X and Y,

and the value 0 implies that there is no linear dependency between the variables.

For the task of free-flow travel time regression, according to Figure 30, the numbers of

nodes and edges do not show any relevant effect in the RFN regression performance, i.e., no

relevant correlation between those features and test performance is found. The circuity average

(𝜍) and orientation order (𝜑) are also not relevantly correlated with the test performance for the

set of explored cities.

Additionally, the road network global features that present relevant correlations with the

regression performance are semantically connected to what is expected to affect the static

free-flow time: the average degree, the average streets per node (i.e., street intersections), the

edge length, legal speed distribution, and travel-time distribution. This result adds up to Jepsen,
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Figure 29 – Heatmap of average extrapolation-test regression error (MAE) of each RFN variant
when trained for one city (row label) and tested with data of another city (column label)

(a)

(b)

Source: Own work (2025).

Jensen and Nielsen (2020) findings, indicating that RFNs can weight semantically connected

features for the explored regression task.

The average edge length (in meters) presents a relevant positive correlation with additive

RFN performance for both tests. A positive correlation means that as the average edge length

increases the same occurs to the test MAE value. The median edge length (in meters), on the

other hand, does not present the same correlation pattern. Appendix A pictures all cities’ edge

length histograms and it is possible to verify that all cities present a similar edge length distribu-

tion extremely concentrated between 0 and 500 meters. Therefore, the absence of correlation

between median edge length and RFN performance might be caused by the similarity of the

cities on this feature.

Results showing the average edge length correlation indicate that RFN performance can

be affected by the edge length distribution on the training data. Additive RFNs then, might per-



86

Figure 30 – Heatmap of Pearson correlations between a road network feature (column label) and
the corresponding regression error of cities for self-testand extrapolation-testin each
RFN variant (row label).

Source: Own work (2025).

form better on regressions when trained with road networks with narrow edge length distribution

around smaller values. On the contrary, interactional RFNs can extrapolate better when trained

with lower average edge length networks, yet its self-test presents a relevant negative correla-

tion with such feature. That is, the higher the average edge length, the lower the MAE value for

self-test.

The average degree and the average streets per node correlate negatively with the re-

gression performance for both additive RFN tests and for the interactional RFNs extrapolation-

test. There is though a slight positive correlation between such features and the interactional

RFNs self-test. Results show that interactional RFNs can benefit from road networks’ low-density

characteristics for the self-test, but might be negatively affected by them when trying to extrap-

olatelearned knowledge. Additionally, results indicate that additive RFNs may not benefit from

road networks’ low-density characteristics.

The legal speed, indistinctly for median or average (both in kilometers per hour), does

not present a relevant correlation with any RFNs extrapolation test performance but correlates
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negatively with all RFNs self-test average performances. The magnitude of the correlation is

smaller for interactional than for additive RFNs, but both seem to benefit from legal speed dis-

tributions centered on higher values. It is important to highlight that for Road Network Graph,

the scale of legal speed distribution is usually concentrated between 10 and 80 kilometers per

hour, hardly exceeding 100 or 120 kph. Appendix A shows how the edge legal speed distribution

varies between studied cities.

The Major Highway Class Rate does not present a relevant correlation for additive RFNs.

This indicates that additive RFN performance is not affected by edge class distributions. How-

ever, Major Highway Class Rate presents a medium positive correlation of 0.41 for RFN-AI and

RFN-NAI self-test. Therefore, although interactional RFNs do specialize the learned knowledge

to the training set (i.e., good self-test performance), they are not overfitting towards the edge

class information, since the higher the concentration towards a class group, the higher the self-

test MAE value.

While the travel time (in seconds) is not a road network feature considered for training

(i.e., it is the feature being predicted), the correlation between cities’ average travel time and

the RFN performance demonstrates that the distribution of travel time values does not affect

the interactional RFNs self-test performance. It negatively affects (i.e., positive correlation) inter-

actional RFNs extrapolation test performance though, similarly to how it affects additive RFNs

self-test performance. That is, the higher the average travel time (i.e., the travel time values dis-

tribution wideness), the higher the MAE value (i.e., the performance decreases). Appendix A

pictures all cities’ edge free-flow travel time histograms and it is possible to verify that all cities

present a similar travel time distribution extremely concentrated between 0 and 50 seconds.
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6 CONCLUSION

The present work explored Graph Neural Networks (GNNs) applied to the free-flow travel

time regression task on the Road Network Graph contetxt. Models were evaluated on their rep-

resentation learning capacities aiming to answer the three selected research questions.

Concerning the first research question about the suitability of the graph representa-

tion to solve the edge regression task, general purpose GNNs, in particular, GraphSAGE, Graph

Attention Networks (GAT) and Graph Isomorphic Networks (GIN), and specialized GNNs, specif-

ically Relation Fusion Networks (RFNs), were explored on the Aalborg Road Network Graph. It is

the same city from Denmark explored in the original paper that proposes RFNs for road network-

related tasks. Although the road network features were considerably similar to the ones used by

Jepsen, Jensen and Nielsen (2020) in their original work, there might be hidden differences be-

tween target travel times used in their regression task and those used in this work. Particularly,

the present work targeted the free-flow travel time regression using information retrieved directly

from OSM as ground truth travel times. On the other hand, Jepsen, Jensen and Nielsen (2020)

used an average of historical GPS data from a private dataset.

All the experiments added up to those presented in (JEPSEN; JENSEN; NIELSEN,

2020). The results showed that the general-purpose GNNs do not present relevant regression

performance gains compared to the Multi-Layer Perceptron (MLP) baseline to justify the increase

in the model’s parameters and training computation time. Besides, RFNs presented a road net-

work regression performance, on Aalborg’s Road Network Graph, that was not achieved by any

addressed general-purpose GNN. Despite the significant increase in the number of parameters

and training time, results indicated that RFNs with interaction fusion are the most suitable model

for the edge regression task.

The role of different fusion functions was clear and aligned with the proposal of Jepsen,

Jensen and Nielsen (2020). Differences between this and the original work were mainly on i) the

scale of the performance enhancements for RFNs when compared with other GNNs, and ii) the

scale of the difference between interactional and additive RFNs. Additive fusion functions had

the worst performance among the four RFN variants. Moreover, the attentional aggregation did

not provide any relevant improvement in the models’ regression performance. This might indicate

that the low density of the Aalborg road network (i.e., small node average degree) does not play

a role as important as its volatile homophily. In other words, outlier neighbors do not affect the

training process as much as sharp boundaries do between homophilic regions.

On the different training loss functions explored in this work, regardless of the chosen

function, the previous conclusion still holds. When training with the Mean Absolute Error (MAE),

i.e. the same loss function used by Jepsen, Jensen and Nielsen (2020), results showed that

RFNs were indeed the best models for this road network task, but in scales that differ from the

original work. For the original work, additive RFNs presented 27% of performance enhancement

when compared to the MLP baseline, while this work’s results showed only 14% of enhancement,
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and interactional RFNs presented 33% of performance enhancement, while this work’s results

showed almost 90% of regression performance enhancement. These scale differences might be

explained by the differences in the set of truth travel times aforementioned. When training with

the Root Mean Squared Error (RMSE), results showed that this loss function accentuates the

regression performance differences between RFNs and generic-purpose GNNs. When training

with the Mean Absolute Percent Error (MAPE), the final validation performance enhancement of

additive RFNs concerning the baseline was amplified.

Training RFNs with MAPE might be the best choice for this specific regression task, since

models trained with MAPE could achieve reasonably good MAE and RMSE values while also

achieving the best MAPE values. This is true for the free-flow travel time regression task on urban

networks as the set of target values (i.e., travel times in seconds) are concentrated on a small

scale (e.g., below 20). Predicting travel times with a reasonably small MAPE is good since the

percentual error might be more meaningful for a driver interested in an estimated time to arrive

than the small mean absolute error, especially for travel time outliers.

For the first research question, the results showed that general-purpose GNNs do not

outperform MLP for regression on Aalborg’s Road Network Graph dataset. By comparing learn-

ing curves, SAGE-GCN and SAGE-MEAN showed faster learning than MLP. However, consid-

ering that SAGE-GCN is an MLP with message-passing, SAGE-MEAN would be preferred for

future tests. SAGE-POOL and SAGE-LSTM also presented fast learning, but they presented

overfitting for RMSE and MAPE. GAT-H3 and GAT-H6 also presented fast learning, but GAT-H6

(with more attention headers) did not improve the results. Therefore, a simple model GAT-H3

would be preferable. GIN-0 and GIN-E presented poor performances, even worse than MLP,

with a marginal advantage for GIN-E. RFN-AI and RFN-NAI showed the fastest learning. In 300

epochs, they had greatly reduced training errors represented by MAE, RMSE, or MAPE. They did

not show overfitting even for small errors. No differences were noticed from the results of apply-

ing attentional aggregators (RFN-AI and RFN-NAI). RFN-AA and RFN-NAA (additive) showed

slower learning than (interactional) RFN-AI and RFN-NAI, not converging until 1000 epochs.

However, they had almost five times fewer model parameters to be learned.

Regarding the second research question on the influence of Mini-batch Gradient De-

scent training with different batch sizes, regardless of the loss function used for training, the effect

of the mini-batch on the final regression test performance was almost irrelevant for the general-

purpose GNNs. This can be taken as an additional result to reinforce the lack of general-purpose

GNNs’ capacity to learn meaningful urban road network representations.

On the other hand, the results showed a relevant effect of mini-batching values in the

RFN performance. For all tested loss functions, the smaller the batch size the better the RFN

test performance. RFNs using additive fusion seemed to benefit even more from mini-batch

training since its error scale was bigger. This is also aligned with Jepsen, Jensen and Nielsen

(2020) results, where additive RFNs performed slightly worse than interactional RFNs on the

regression task, although the performance gap between both RFN variants is bigger in this work.



90

One explanation is the differences in dataset features, which can affect differently the learning

capacity of RFNs with interactional or additive fusion operators. Both variants are still clearly

learning meaningful information since both showed performance enhancements when trained

using the Mini-batch Gradient Descent.

For the third research question, regarding the RFN extrapolation capability, this work

explored the four RFN variants on the same regression task, now training models with Road

Network Graphs from 12 different cities. The comparison between RFNs using interactional or

additive fusion revealed that both variations present much higher errors when trying to extrapo-

late knowledge than when applying it to the same city used for training. However, additive fusion

exhibited lower mean absolute errors when extrapolating the learned knowledge to other cities.

Experiments also showed that, regardless of the fusion operator employed, the atten-

tional aggregator does not enhance RFN’s learning capacity compared to the non-attentional

approach for this regression task. RFN-AI and RFN-NAI presented relevant and negative corre-

lations between self-test and the extrapolation test, indicating that RFNs with interactional fusion

operators tend to specialize better to the training dataset and do not extrapolate well for differ-

ent cities. The same did not apply to RFN-AA or RFN-NAA (additive fusion), where there was

a medium and positive correlation between self and generalization test performances. Again,

this can be explained by how much the dataset characteristics can affect differently the learn-

ing capacity of RFNs, with interactional or additive fusion operators, and future works on the

exploration of extended datasets can help to better guide conclusions on this topic.

When trying to find correlations between road network global features and their learning

and generalization powers, results showed that RFNs did weight road network global features

that are semantically connected to the predicted edge feature (i.e., the free-flow travel time),

adding up to the results on RFNs for road network learning.

6.1 Future work

Future work can explore extended datasets (i.e., datasets with increased feature infor-

mation) and also different edge regression tasks, swapping the training and target features to

explore whether RFNs always do weight training features that are semantically connected to the

target one.

Moreover, this work did not address the problem of the Road Network Graph batch di-

vision. Future work could test batches that keep edge feature distributions when the dataset

consists of a single city. It could also explore Road Network Graph segmentation, along with dif-

ferent training approaches that can help diversify road network information available on training,

possibly extending the number of available training features and creating datasets of multiple

road networks, considering each city as a dataset entry (i.e., batch).

Distributed learning techniques can help towards extrapolation enhancements, increas-

ing the range of structural samples available on training. Further exploration of road network
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features, including a wider range of cities, is important to better understand which characteristics

affect the regression and extrapolation capacity of RFNs. Advancements towards this direction

can serve various goals, such as city-specific specialization or extrapolation across different ur-

ban environments of distinct cities.

Exploring different edge feature regression problems is one path for investigation, but also

the edge classification problem can be explored. This was not explored in this work and it might

be possible to enhance general-purpose GNNs classification performance, when compared to

RFNs, by using models that do consider edge direction when passing messages.

Future works exploring better GNN models for the Road Network Graph context, could

also address the model size problem. It was mentioned that RFNs are comparatively larger

models than the general-purpose RFNs. The size increase was justified by the performance en-

hancement in this work. However, future applications might be interested in smaller models. It

could be possible to explore new, and smaller, RFN fusion operators or experiment reducing

RFNs to its edge-relational component only. It means a compromise between performance and

size, allowing for the comparison of different regression performances against the complete RFN

counterpart. A different research path could explore knowledge distillation from RFNs to sim-

pler models, probably general-purpose RFNs and measure its regression performance. Smaller

models could be applied, for instance, as the structural components in Spatio-Temporal GNNs,

benefiting from road network latent representations to enhance the performance of temporal

regression, such as traffic patterns prediction and traffic accident forecasting.
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This Appendix presents more details on the assembled Road Network Graph dataset,

including details on the usage of OSMnx Python library in this work and relevant notes from

OpenStreetMap® (OpenStreetMap contributors, 2017) documentation regarding the used road

network information.

A.1 Details on the dataset design

When accessing OpenStreetMap® worldwide information, one of the benefits of using

OSMnx is that it has been developed to solve two common issues when working with street net-

works: data over-simplification and repeatability of results (BOEING, 2017). It is usual to find sim-

plified representations of street networks, usually transformed into planar or undirected graphs.

Assuming network planarity is a fair simplification choice for a great number of cities. However,

cities with numerous grade-separated expressways, bridges and tunnels (e.g., Los Angeles in

the USA) have truly non-planar networks that could not fit such simplification (BOEING, 2017).

Additionally, the network direction information may not matter for studies focused on pedestrian

movement, but it is highly important for representing correctly drivable networks, the main focus

of this work. OSM available data not only provides a unified way of collecting topological (i.e., not

necessarily planar) network structure, but also provides it in an open way for everyone interested

in verifying or reproducing experimental results later.

Moreover, OSMnx retrieved information includes several useful graph global statistics

on the selected road network, including the number of nodes, number of edges, the average

node degree, the average street per node count, the average length of edges, the self-loop

proportion, the average circuity and orientation-order. The average circuity 𝜍 indicates how much

more circuitous a Road Network Graph is than it would be if all of its edges were straight-line

paths between nodes. That is the relation between all edge lengths in the graph and the sum of all

great-circle distances between all pairs for connected nodes (BOEING, 2019). The orientation-

order 𝜑 is defined by calculating the bearings of all edges and dividing them into 36 bins of 10

degrees each, measuring then the entropy of the binned bearings (BOEING, 2019).

OSMnx retrieves a MultiDiGraph object (directed graph with parallel edges), containing

the road network representation of a city. The retrieved network buffers 500 meters by default

to get a graph larger than requested. Nodes outside the boundary polygon are truncated even if

they have neighbors inside of it. Finally, only the largest connected component (if the network is

not fully connected) is returned. It is also possible too simplify a graph topology by removing all

nodes that are not intersections or dead-ends.

When OSMnx retrieves a city’s Road Network Graph, it provides a unique integer iden-

tifier for each node and this value is the respective OSM global node ID. This work processes

all selected Road Network Graphs such that their node IDs are mapped into a set of indexes

{0, ..., |𝒱|} where |𝒱| is the number of nodes in the final connected component. The NetworkX

line_graph() function is used to generate the dual representation of the Road Network Graph.
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The primal edge feature set is added to the dual node feature set, and the primal between-edge

feature set is added to the dual edge feature set in the dual representation.

All OSMnx graphs contain both node and edge features. An important edge feature is the

“highway class” which contains information on the type of the road, distinguishing the importance

of the road segment within the road network graph1. The “motorway” tag is used to identify the

highest-performance roads within a territory. It usually implies on a road segment in which the

maximum legal speed is high, the surface is paved, has at least two lanes in each traffic direction

with some degree of separation and allows only motor vehicle access (i.e., no pedestrians or

bicycles are allowed). The “trunk” tag is used for high-performance or high-importance roads

that don’t meet the requirements for motorway but are still high in a degree order that compares

roads tagged as “primary", which are usually highways linking large towns or major arterial roads

within cities.

Next, the “secondary” tag is used for highways that are not part of major routes, but form a

link in the national route network and, within cities, for major arterial roads of lesser importance

than “primary” ones. The “tertiary” tag is used for roads connecting smaller settlements, and

within large settlements for roads connecting local centres. Within larger urban centers “tertiary”

roads are roads with low to moderate traffic linking local centres of activity such as shopping

facilities, schools, or suburbs. There is also a special and misleading tag “unclassified” used for

minor public roads, typically at the lowest level of whatever administrative hierarchy. This tag does

not indicate that the road is not classified, but rather that this road is used only for local traffic

or has low importance near the outskirts of towns and cities. All tags listed so far, except the

“unclassified” have their “link” variant (e.g., “trunk_link", “primary_link") used to describe roads

leading to and from a certain class of roads.

Finally, roads not qualifying for any of the groups above, with residences along their sides,

are tagged “residential", because they usually provide access to, or within, residential areas, but

are not normally used as through routes. For urban environments, there is also a special type of

residential road, the “living_street” tag, used for residential or shared spaces with lower speed

limits, and special traffic and parking rules compared to roads tagged as “residential".

An edge can have one or more “highway class” tags and to ensure a common ground

for all cities in the dataset. Any class that is not described in this section has been discarded

from Road Network Graphs used in this work. Examples of classes discarded are: “disused”,

“services”, “rest_area”, “crossing”, “road” and “busway”. If an edge has only one “highway class”

not described in this section, it is removed from the network. If an edge has more than one

class and one of them is not described here, that tag is removed to keep the edge with only the

remaining tags. After this edge filtering, an network can become a disconnected graph. If it is the

case, once again only the largest weakly connected component is retrieved.

1 OpenStreetMap® official documentation (OpenStreetMap contributors, 2017)
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A.2 Selected cities

This work selects relevant cities from all continents to have a globally representative

sample of cities and to avoid the commonplace of restraining the analysis to the author’s local

geographic position. Twelve cities have been selected for the experiments: the European city of

Aalborg (the same city used in the experiments of Jepsen, Jensen and Nielsen (2020)); Brisbane

in Australia; Nara in Japan; Manhattan island, Miami, and Seattle, all in the USA; Damascus

in Syria; Cape Town and Johannesburg in South Africa; and three Brazilian cities of Curitiba,

Niteroi, and Recife. The list of cities selected to be modeled as Road Network Graphs, and their

approximate population sizes, can be found in Table 15.

Table 15 – Selected Road Network Graph datasets of cities from all continents

City Country Approx. Population
(people)

Population density
(people/km2)

Curitiba Brazil 1,773,718 4,078.5
Niterói Brazil 515,317 3,601.7
Recife Brazil 1,488,920 6,816.3

Manhattan USA 1,694,251 19,320.9
Miami USA 442,241 3,045.1
Seattle USA 737,015 2,002.9

Aalborg Denmark 119,862 2,364.1
Damascus Syria 2,079,000 3,628.3

Cape Town South Africa 4,005,015 1,631.4
Johannesburg South Africa 5,926,668 3,602.8

Nara Japan 35,666 1,299.2
Brisbane Australia 2,274,600 385.3

The complete data set of all Road Network Graphs, on both primal and dual represen-

tation, along with node, edge, and between-edges features have been made publicly available2.

This appendix now presents figures picturing and detailing each city. Each figure will first present

the city road network structure. Then, a polar plot divided into 36 sections of 10𝑜 each, in which

each section has a bar with height representing the count of edges that have that bearing orienta-

tion. After, there will be histograms picturing the distribution of the road network edge features in

the following order: free-flow travel time (in seconds), edge length (in meters), maximum legally

allowed speed (in kilometers per hour) and edge class (grouped as described in Section 4.1.3).

Both free-flow travel time and edge length histograms will have information grouped by edge

class groups, each one pictured in a different color.

2 https://github.com/tcervi
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Figure 31 – Aalborg (Denmark) information: (a) Road network; (b) Edge orientation polar plot;
Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and
(f) Classes distribution.
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Figure 32 – Brisbane (Australia) information: (a) Road network; (b) Edge orientation polar plot;
Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f)
Classes distribution.
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Figure 33 – Cape Town (South Africa) information: (a) Road network; (b) Edge orientation polar
plot; Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed
and (f) Classes distribution.
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Figure 34 – Curitiba (Brazil) information: (a) Road network; (b) Edge orientation polar plot; Edge
histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f)
Classes distribution.
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Figure 35 – Damascus (Syria) information: (a) Road network; (b) Edge orientation polar plot; Edge
histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f)
Classes distribution.

(a) (b)
N

E

S

W

(c)

0 50 100 150 200
Travel Time (seconds)

0

2000

4000

6000

8000

10000

12000

Nu
m

be
r o

f E
dg

es

Edges Free-Flow Travel Time Histogram
Edge Class Group

HPR
AMR
LOR
MPR
LTR

(d)

0 500 1000 1500 2000 2500 3000
Length (meters)

0

2500

5000

7500

10000

12500

15000

17500

Nu
m

be
r o

f E
dg

es
Edges Length Histogram

Edge Class Group
HPR
AMR
LOR
MPR
LTR

(e)

0 5000 10000 15000 20000
Number of Edges

20

40

60

80

100

Le
ga

l S
pe

ed
 (k

m
/h

)

Edges Max. Legal Speed Histogram
(f)

0 2000 4000 6000 8000 10000 12000 14000
Number of Edges

AMR

HPR

LOR

LTR

MPR

Cl
as

se
s G

ro
up

s

Edges Classes Histogram

Source: Own work (2025).



106

Figure 36 – Johannesburg (South Africa) information: (a) Road network; (b) Edge orientation polar
plot; Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed
and (f) Classes distribution.
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Figure 37 – Manhattan Island (United States of America) information: (a) Road network; (b) Edge
orientation polar plot; Edge histograms for: (c) Free-flow travel time, (d) Length, (e)
Max. Legal Speed and (f) Classes distribution.

(a) (b)
N

E

S

W

(c)

0 25 50 75 100 125 150 175
Travel Time (seconds)

0

2000

4000

6000

8000

Nu
m

be
r o

f E
dg

es

Edges Free-Flow Travel Time Histogram
Edge Class Group

AMR
LTR
MPR
HPR
LOR

(d)

0 500 1000 1500 2000 2500
Length (meters)

0

2000

4000

6000

8000

10000

12000

Nu
m

be
r o

f E
dg

es
Edges Length Histogram

Edge Class Group
AMR
LTR
MPR
HPR
LOR

(e)

0 5000 10000 15000 20000
Number of Edges

10

20

30

40

50

60

70

80

Le
ga

l S
pe

ed
 (k

m
/h

)

Edges Max. Legal Speed Histogram
(f)

0 1000 2000 3000 4000
Number of Edges

AMR

HPR

LOR

LTR

MPR

Cl
as

se
s G

ro
up

s

Edges Classes Histogram

Source: Own work (2025).



108

Figure 38 – Miami (United States of America) information: (a) Road network; (b) Edge orientation
polar plot; Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal
Speed and (f) Classes distribution.
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Figure 39 – Nara (Japan) information: (a) Road network; (b) Edge orientation polar plot; Edge his-
tograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f) Classes
distribution.
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Figure 40 – Niterói (Brazil) information: (a) Road network; (b) Edge orientation polar plot; Edge his-
tograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f) Classes
distribution.
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Figure 41 – Recife (Brazil) information: (a) Road network; (b) Edge orientation polar plot; Edge his-
tograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal Speed and (f) Classes
distribution.
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Figure 42 – Seattle (United States of America) information: (a) Road network; (b) Edge orientation
polar plot; Edge histograms for: (c) Free-flow travel time, (d) Length, (e) Max. Legal
Speed and (f) Classes distribution.
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APPENDIX B – Training details
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This appendix details the training phase of Section 5.2 experiments, presenting figures

picturing the learning behaviour of each explored learning architecture. In all figures, the ver-

tical scale on the right corresponds to MAE loss values (in red), the vertical scale on the left

corresponds to RMSE loss values (in green) and the outer-left vertical scale corresponds to

MAPE loss values (in blue). Each curve shows 1000 training epochs, averaged for all five train-

ing rounds. Continuous lines represent the validation loss and dashed lines represent the training

loss during the epochs.

Figure 43 – MLP: Full Batch training with Aalborg’s Road Network Graph
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Source: Own work (2025).

It is interesting to note that GraphSAGE-GCN - Figure 44 (a) - presents, for all loss

functions, a learning curve quite similar to the MLP learning curve (except for MLP’s step on the

MAPE validation curve). This is expected since the GCN aggregator is the simplest GraphSAGE

variation. It has the same parameter size and performs the same mathematical operations as

an MLP, except the message-passing mechanism added to leverage structural information from

the graph, i.e. averaging and concatenating neighborhood information. GraphSAGE-Mean, Pool

and LSTM variants aggregate neighborhood information with more advanced techniques and

the difference in their training curves is clear.

Additionally, GraphSAGE-Pool and GraphSAGE-LSTM variants present a pattern of over-

fitting when trained with RMSE and MAPE loss functions. Over-fitting happens when the model’s

weights and biases are so exaggerated and adapted for decreasing the loss function error values

on the training sample that the error on the validation sample, and probably also on the test

sample, stabilizes or starts to increase (i.e., prediction performance start to decay for anything

outside the training sample). In Figure 45 this behavior appears when a continuous line stabilizes

and the correspondent (color) dashed line continues to decrease.

It is important to highlight that the difference between the initial and final loss values for

GIN variants is the smallest among all models presented so far, for all loss functions. That is,
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Figure 44 – GraphSAGE: Full Batch training with Aalborg’s Road Network Graph: (a) GCN and (b)
Mean
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trained GIN models cannot reduce significantly any of the loss functions loss values. This is

the first indication that this GNN model struggles to learn correct road network representations,

even more than the baseline MLP. Additionally, neither of the GIN models presents a training

convergence pattern for either training loss functions.

Figures 48 and 49 present the relational fusion networks training curves. RFNs seem to

have the highest representational learning power among all tested models, being able to reduce

all validation errors to relevantly small values within 1000 training epochs. RFNs with Interactional

fusion operators - Figure 48 (a) and (b) - do not present over-fitting patterns and do not converge

before 800 epochs for either one of the loss functions. There are no relevant differences between

the RFN-AI and RFN-NAI learning curves and the loss values scale, including the convergence
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Figure 45 – GraphSAGE: Full Batch training with Aalborg’s Road Network Graph: (a) Pool and (b)
LSTM
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Source: Own work (2025).

value, suggesting that the RFN’s attentional aggregator does not enhance the learning capacity

of those models for this edge regression task. It is possible to identify learning instability after

300 training epochs, when small oscillations on the validation loss values start to appear. This

might be related to the gradient optimization algorithm operation on losses in an already very

small scale and to a model with thousands of learnable parameters (Table 10).

The initial learning epochs for interactional RFNs seem to be relevant, since for all loss

functions there is a relevant value decrease during the first 200 epochs. It is not clear if this is a

huge decrease in learning power or convergence since the absolute loss values are already very

small (i.e., below two). For MAPE, the curve towards a steep decrease is even more accentuated

and after 600 epochs there is still a small decrease in loss values that are already below 0.2.
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Figure 46 – GAT: Full Batch training with Aalborg’s Road Network Graph: (a) GAT-h3 and (b) GAT-
h6
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Source: Own work (2025).

Additive fusion operators - Figure 49 (a) and (b) - on the other hand, do not match the final

validation loss of its interactional counterparts for neither loss function. Also, there is no relevant

difference between RFN-AA and RFN-NAA learning curves and the loss scale, including the

convergence value, suggesting again that the RFN’s attentional aggregator does not enhance

RFNs’ learning capacity for the explored edge regression task. Additive RFNs have about five

times fewer learnable parameters than their interactional counterparts (Table 10) and do not

reach validation values as small as they do. Yet, they present a more accentuated learning

instability pattern after 300 epochs, with notable oscillations in the validation loss while the curve

keeps decreasing.
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Figure 47 – GIN: Full Batch training with Aalborg’s Road Network Graph: (a) GIN-0 and (b) GIN-E
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Source: Own work (2025).
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Figure 48 – RFN: Full Batch training with Aalborg’s Road Network Graph: (a) AI and (b) NAI
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Figure 49 – RFN: Full Batch training with Aalborg’s Road Network Graph: (a) AA and (b) NAA
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APPENDIX C – Models Free-Flow Travel Time (s) predictions
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This appendix presents, for all models explored in Section 5.1.3, prediction plots picturing

how far each free-flow travel time prediction is from its correspondent truth value (in seconds).

All figures in this appendix picture the same sample of the 20 first test predictions with different

models, each one trained with MAE, RMSE and MAPE cost functions. Green dots represent the

truth values (i.e., prediction targets) and blue dots represent the model prediction for a given

edge travel-time, with the scale (in seconds) on the left. The gray line between each pair of

target/prediction pictures the real difference (in seconds) between both. Red dots represent the

absolute error for each target/pair, with the scale (in seconds) on the right.

It is important to notice the effect of MAPE on model’s learning capabilities. Models

trained with MAE and RMSE seem to have a "higher absolute value" around which the pre-

dictions are distributed, while models trained with MAPE seem to have a "lower absolute value".

It happens because MAPE penalizes more the errors for prediction value higher than the truth

value in comparison to predictions that have value lower than the truth value1. That is why the

predictions plot give the impression that models trained with MAPE seem to "approach" truth val-

ues from bellow. This characteristic might not be desirable for predicting travel-times, a scenario

in which a wrong prediction of early arrival is less desired than a wrong prediction of delayed

arrival. Although, for the generic purpose GNNs trained with MAE and RMSE there are several

errors of "early arrival" on the test sample as well, since the models are not actually capable of

leveraging enough information about the road network.

When analysing the RFN variants, the same characteristic of MAPE trained model ap-

pears for models that use additive fusion functions - Figures 54 and 55. Models with interactional

fusion function are so capable of learning information about the Road Network Graph that does

not really matter which cost function is used for training. Even when predicting outliers values, the

error is relevantly low when using interactional RFNs. For this case, of the best suitable models,

it might be valuable to use MAPE as the training cost to reduce the overall average percentage

error of predictions. Enhancements on the overall percentage error can be seen when comparing

Figures 54 and 55 scale on the right vertical axis (i.e., the prediction absolute error value axis).

1 A simple example would be a travel-time prediction of value 7.5 seconds: for a truth value of 10 sec-
onds, MAPE would consider it an error of 25%, while for a truth value of 5 seconds, MAPE would
consider it an error of 50%.
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Figure 50 – Free-flow travel-time prediction plots - MLP trained with (a) MAE, (c) RMSE and (e)
MAPE and GraphSAGE-GCN trained with (b) MAE, (d) RMSE and (f) MAPE

(a)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

MLP: Travel Time (s) predictions

0

10

20

30

40

50

60

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

(b)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

SAGE-GCN: Travel Time (s) predictions

0

10

20

30

40

50

60

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

(c)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

MLP: Travel Time (s) predictions

0

10

20

30

40

50

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

(d)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

SAGE-GCN: Travel Time (s) predictions

0

10

20

30

40

50

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

(e)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

MLP: Travel Time (s) predictions

0

10

20

30

40

50

60

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

(f)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Samples

0

10

20

30

40

50

60

Tr
av

el
 T

im
e 

(s
ec

on
ds

)

SAGE-GCN: Travel Time (s) predictions

0

10

20

30

40

50

60

Pr
ed

ict
io

n 
Ab

so
lu

te
 E

rro
rPrediction

Target
Prediction Absolute Error

Source: Own work (2025).
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Figure 51 – Free-flow travel-time prediction plots - GraphSAGE-MEAN trained with (a) MAE, (c)
RMSE and (e) MAPE and GraphSAGE-POOL trained with (b) MAE, (d) RMSE and (f)
MAPE
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Figure 52 – Free-flow travel-time prediction plots - GAT-H3 trained with (a) MAE, (c) RMSE and (e)
MAPE and GAT-H6 trained with (b) MAE, (d) RMSE and (f) MAPE
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Source: Own work (2025).
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Figure 53 – Free-flow travel-time prediction plots - GIN-0 trained with (a) MAE, (c) RMSE and (e)
MAPE and GIN-E trained with (b) MAE, (d) RMSE and (f) MAPE
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Figure 54 – Free-flow travel-time prediction plots - RFN-AI trained with (a) MAE, (c) RMSE and (e)
MAPE and RFN-AA trained with (b) MAE, (d) RMSE and (f) MAPE
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Figure 55 – Free-flow travel-time prediction plots - RFN-NAI trained with (a) MAE, (c) RMSE and (e)
MAPE and RFN-NAA trained with (b) MAE, (d) RMSE and (f) MAPE
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APPENDIX D – Mini-batching details
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This appendix presents details of the explored models trained using three loss functions -

MAE, RMSE and MAPE - and different sizes of batches listed on Table 13, as part of Section 5.2

experiments.

Training a neural network is an optimization problem aimed at finding network parameters

that significantly reduce a cost function typically evaluated on a training sample of a given size.

Using the entire training set when computing the cost is a technique known as "batch gradient

descent" or "deterministic learning" (GOODFELLOW; BENGIO; COURVILLE, 2016). The need

to calculate the average cost of all training samples makes batch training prone to stuck in local

minimums and less likely to find a global minimum. Also, since the whole training set is loaded

into memory, batch training is expensive in terms of computational resources. The larger the

training set, the more expensive is to compute the cost function for all samples. Therefore, the

computation cost will grow in direct proportion with the dataset size.

For complex problems, larger datasets are crucial to avoid over-fitting and to attain higher

generalization accuracy of neural networks (WILSON; MARTINEZ, 2003). For such cases batch

training might not be desirable. The option is to train a model presenting a single example at a

time. This type of technique is called "stochastic gradient descent" or "online learning". When

using stochastic techniques the gradient optimization takes many steps per epoch, one per data

point. So, an epoch of stochastic training will take more time than an epoch of batch training,

but it will also take several optimization steps in contrast to the single step that batch training

takes per epoch. It is reasonable to expect that with such stochastic sampling, there will be fewer

epochs needed for the model to converge.

Wilson and Martinez (2003) compared batch and stochastic techniques and stated that

practitioners were choosing batch training under the false assumption that it is faster. Since

batch training takes a single step per epoch it estimates the gradient only at the starting point

in weight space and thus can not follow curves in the error surface as the stochastic gradient

descent does. Also, as the size of the training set increases the batch training is more prone

to lose the learning stability. Wilson and Martinez (2003) state that the stochastic technique is

usually a better approximation of a true gradient descent optimization and can safely overcome

the efficiency problems of batch training when using larger datasets.

Mini-batch gradient descent is a trade-off between stochastic and batch techniques. In-

stead of using a single training sample per iteration, it calculates the cost function average over

a small number of test samples, called mini-batch. The mini-batch (i.e., sample) size is orders

of magnitude bigger than one and orders of magnitude smaller than the entire training set size.

Mini-batch smooths out some of the training noise, but not all of it. It keeps just enough noise

such that the optimization can step out of local minimums, while still keeping the performance

benefits of stochastic training. According to Wilson and Martinez (2003), mini-batch sizes are

generally driven by the following factors:

• Hardware utilization: multi-core architectures are usually underutilized by small

batches, so there is a theoretical absolute minimum on the batch size bellow which the
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time to process a mini-batch will not decay. Additionally, since typically all the examples

in the mini-batch are processed in parallel, the amount of memory required for training

scales with the batch size. Finally, some types of hardware achieve better performance

with specific sizes of arrays1.

• Linear returns: larger batches provide a more accurate gradient estimate but with less

than linear returns.

• Total runtime: Smaller batches can offer a regularization effect and generalization error

is often best for batches of size one. Training with smaller batches might require smaller

learning rates to maintain stability and the total runtime can grow as a result of the

increase on the number of steps per epoch.

All figures in this appendix present the training process for all the different mini-batch

sizes, each one plotted with a different color, including the first 100 epochs of the batch training

from Section 5.1.2. All the three training loss functions are pictured, each on in its own plot. The

continues curves are the validation set loss checks on each epochs, while the dotted lines are

the training set loss checks on each epoch.

Tables 16, 17, 18 and 19 present all mini-batch training session results, where bold values

are the best achieve performance.

Table 16 – Aalborg’s travel-time (s) regression test performance - Batch size: 2048

Model MAE RMSE MAPE Avg. Training Time (seconds) Avg. Epoch Time (seconds)

MLP 8.633.20 18.314.91 0.7670.032 2.4 0.01

SAGE-GCN 8.562.69 18.314.91 0.7700.039 4.5 0.02
SAGE-MEAN 7.882.19 18.304.91 0.7660.034 4.7 0.02
SAGE-POOL 7.872.18 18.294.90 0.7640.032 6.1 0.03
SAGE-LSTM 7.872.19 18.314.91 0.7670.032 28.0 0.14

GAT-H3 7.882.18 18.314.90 0.760.03 9.57 0.05
GAT-H6 7.882.18 18.314.91 0.7650.031 18.47 0.09

GIN-0 9.552.51 19.925.99 0.7970.114 4.9 0.02
GIN-E 9.333.24 20.346.57 0.8760.114 5.0 0.02

RFN-AI 0.880.01 0.630.01 0.0720.002 571.6 2.85
RFN-NAI 0.890.02 0.630.01 0.0760.002 581.0 2.90
RFN-AA 7.400.07 5.240.05 0.7150.002 568.2 2.84

RFN-NAA 7.420.07 5.250.05 0.7180.003 561.9 2.81

1 When using GPUs it is common to use power of 2 batch sizes to achieve better runtime.
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Table 17 – Aalborg’s travel-time (s) regression test performance - Batch size: 1024

Model MAE RMSE MAPE Avg. Training Time (seconds) Avg. Epoch Time (seconds)

MLP 7.882.18 18.314.91 0.7680.037 3.9 0.02

SAGE-GCN 7.882.18 18.304.91 0.7700.038 7.2 0.04
SAGE-MEAN 7.872.18 18.304.90 0.7670.036 7.9 0.04
SAGE-POOL 7.872.18 18.274.93 0.7650.032 11.1 0.06
SAGE-LSTM 7.872.19 18.314.90 0.7620.026 51.9 0.26

GAT-H3 7.882.18 18.304.91 0.7690.035 18.1 0.09
GAT-H6 7.882.18 18.304.91 0.7660.032 36.9 0.18

GIN-0 8.853.36 18.924.43 0.9220.106 9.0 0.05
GIN-E 9.142.99 20.156.58 0.8770.115 9.3 0.05

RFN-AI 0.740.01 0.520.01 0.0590.002 1141.6 5.71
RFN-NAI 0.750.01 0.530.01 0.0590.001 1127.9 5.64
RFN-AA 6.250.09 4.440.05 0.6710.008 1112.6 5.56

RFN-NAA 3.563.0365 4.480.04 0.6770.007 1095.1 5.48

Table 18 – Aalborg’s travel-time (s) regression test performance - Batch size: 512

Model MAE RMSE MAPE Avg. Training Time (seconds) Avg. Epoch Time (seconds)

MLP 7.872.18 18.314.92 0.7720.036 6.7 0.03

SAGE-GCN 7.872.19 18.304.91 0.7690.036 13.3 0.07
SAGE-MEAN 7.872.18 18.314.91 0.7650.031 14.2 0.07
SAGE-POOL 7.862.18 18.284.91 0.7640.032 21.2 0.11
SAGE-LSTM 7.862.18 18.304.92 0.7600.026 102.6 0.51

GAT-H3 7.8732.189 18.304.91 0.7690.034 33.1 0.17
GAT-H6 7.872.18 18.304.92 0.760.03 67.8 0.34

GIN-0 7.862.17 19.336.19 0.7780.028 13.7 0.07
GIN-E 7.862.19 18.985.28 0.8160.105 14.6 0.07

RFN-AI 0.690.01 0.500.01 0.0550.001 2331.5 11.66
RFN-NAI 0.680.01 0.500.01 0.0550.001 2300.8 11.50
RFN-AA 1.48680.24 1.580.06 0.4970.286 2310.1 11.55

RFN-NAA 1.36560.01 1.440.01 0.3790.012 2296.6 11.48

Table 19 – Aalborg’s travel-time (s) regression test performance - Batch size: 256

Model MAE RMSE MAPE Avg. Training Time (seconds) Avg. Epoch Time (seconds)

MLP 7.872.18 18.324.91 0.7700.037 12.2 0.06

SAGE-GCN 7.872.19 18.304.92 0.8160.108 25.2 0.13
SAGE-MEAN 7.872.18 18.294.91 0.7660.029 27.8 0.13
SAGE-POOL 7.862.19 18.244.92 0.7600.025 41.2 0.21
SAGE-LSTM 7.862.19 18.284.94 0.7620.029 205.2 1.02

GAT-H3 7.872.19 18.294.92 0.7660.031 63.5 0.32
GAT-H6 7.882.18 18.304.92 0.7660.031 134.0 0.67

GIN-0 7.992.09 18.715.54 0.7670.032 26.2 0.13
GIN-E 7.872.20 18.274.95 0.7720.030 27.7 0.14

RFN-AI 0.690.01 0.490.01 0.0530.000 4751.7 23.76
RFN-NAI 0.690.01 0.490.01 0.0540.000 4694.8 23.47
RFN-AA 1.510.37 1.030.17 0.2320.197 4589.4 22.94

RFN-NAA 1.370.01 0.970.01 0.0830.003 4504.4 22.52
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Figure 56 – MLP mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 57 – GraphSAGE-GCN mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss func-
tions
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Figure 58 – GraphSAGE-MEAN mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss
functions
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Figure 59 – GraphSAGE-POOL mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss
functions
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Figure 60 – GraphSAGE-LSTM mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss func-
tions
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Figure 61 – GAT-H3 mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 62 – GAT-H6 mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions

(a)

0 10 20 30 40 50 60 70 80
Epochs

10.3

10.4

10.5

10.6

10.7

M
AE

 L
os

s

Full Set (train)
Full Set (valid.)
Mini-batch: 256 (train)
Mini-batch: 256 (valid.)
Mini-batch: 512 (train)
Mini-batch: 512 (valid.)
Mini-batch: 1024 (train)
Mini-batch: 1024 (valid.)
Mini-batch: 2048 (train)
Mini-batch: 2048 (valid.)

(b)

0 20 40 60 80 100
Epochs

21.3

21.4

21.5

21.6

21.7

21.8

RM
SE

 L
os

s

Full Set (train)
Full Set (valid.)
Mini-batch: 256 (train)
Mini-batch: 256 (valid.)
Mini-batch: 512 (train)
Mini-batch: 512 (valid.)
Mini-batch: 1024 (train)
Mini-batch: 1024 (valid.)
Mini-batch: 2048 (train)
Mini-batch: 2048 (valid.)

(c)

0 10 20 30 40 50 60 70 80
Epochs

0.82

0.84

0.86

0.88

0.90

0.92

M
AP

E 
Lo

ss

Full Set (train)
Full Set (valid.)
Mini-batch: 256 (train)
Mini-batch: 256 (valid.)
Mini-batch: 512 (train)
Mini-batch: 512 (valid.)
Mini-batch: 1024 (train)
Mini-batch: 1024 (valid.)
Mini-batch: 2048 (train)
Mini-batch: 2048 (valid.)



140

Figure 63 – GIN-0 mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 64 – GIN-E mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 65 – RFN-AI mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 66 – RFN-AA mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 67 – RFN-NAI mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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Figure 68 – RFN-NAA mini-batch training with: (a) MAE, (b) RMSE and (c) MAPE loss functions
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