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Graph Neural Networks for Traffic Flow Prediction
A Physics-Informed Prediction of Equilibrium Traffic Redistribution under Network
Reconfiguration without OD Demand
Xinwei Wu
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Network reconfigurations, including closures, new road segments, capacity changes,
and speed changes, can redistribute traffic flows. Predicting this redistribution is
important for rapid assessment of infrastructure changes and operational interven-
tions. Conventional Stochastic User Equilibrium (SUE) methods can compute the
resulting equilibrium state, but they require Origin-Destination (OD) demand and
must be solved again for each reconfigured network. This thesis studies a more con-
strained setting: predicting post-edit equilibrium flows from the pre-edit network,
old flows, and the reconfigured network, without OD demand as input.

A physics-informed graph learning framework, called ST-PINN GatedGCN, is devel-
oped for this task. First, edge alignment maps old-flow information onto the edge
set of the reconfigured graph. The GatedGCN then learns flow propagation and
topology changes through graph message passing. The training objective combines
edge-flow regression with flow-conservation regularization. It fits SUE-generated la-
bels while reducing node-level physical inconsistency. Inference is completely OD
free as the demand is used only to generate labels.

Experiments use the Sioux Falls and EMA networks, with 10,000 network-pair sam-
ples for each network. The model obtains 12.92% WMAPE on Sioux Falls and
7.84% WMAPE on EMA, which is lower than the tested baselines. Retained edges
are predicted more accurately than newly added edges, since new edges have no
historical flow and may introduce new route choices. Ablations show that old-flow
information, residual physical injection, the global message channel, and recurrent
pressure update affect error and conservation behavior. Inference is about 197 times
faster than SUE on Sioux Falls and about 1896 times faster on EMA.

These results suggest that old flows and graph structure contain useful information
for fast scenario screening under network reconfiguration. The remaining errors
reflect the uncertainty caused by unobserved OD demand, especially for newly added
links.

Keywords: Traffic flow prediction; Network reconfiguration; Graph neural networks;
Physics-informed learning; OD-demand-free prediction; Flow conservation.
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

BPR Bureau of Public Roads
EMA Eastern Massachusetts Network
FFN Feed-Forward Network
GatedGCN Gated Graph Convolutional Network
GNN Graph Neural Network
LHS Latin Hypercube Sampling
LWR Lighthill-Whitham-Richards
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MHA Multi-Head Attention
MLP Multi-Layer Perceptron
MSA Method of Successive Averages
MSE Mean Squared Error
OD Origin-Destination
PINN Physics-Informed Neural Network
RelCon Relative Conservation Violation
RMSE Root Mean Squared Error
RMSNorm Root Mean Square Layer Normalization
STGCN Spatio-Temporal Graph Convolutional Network
ST-PINN Spatio-Topological Physics-Informed Neural Network
SUE Stochastic User Equilibrium
SwiGLU Swish-Gated Linear Unit
WMAPE Weighted Mean Absolute Percentage Error
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

e Indices for directed graph edges
u, v Indices for graph nodes, intersections, or centroids
k Index for pseudo-time diffusion step
p Index for path
r, s Indices for origin and destination

Sets

G = (V,E,A) Pre-edit road network
G′ = (V,E ′, A′) Post-edit road network
V Shared node set
E,E ′ Directed edge sets before and after network reconfiguration
A,A′ Edge-attribute collections before and after network reconfiguration
Eret Set of retained edges, Eret = E ∩ E ′

Eadd Set of newly added edges, Eadd = E ′ \ E
Prs Set of feasible paths between origin r and destination s

N (v) Neighborhood of node v
InG(v) Set of incoming edges to node v in graph G

OutG(v) Set of outgoing edges from node v in graph G

S Set of edges used for metric evaluation, with S ⊆ E ′

Parameters
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K Number of pseudo-time diffusion steps
dh Hidden feature dimension
dff Feed-forward network dimension
α, β BPR congestion-function parameters
t0e Free-flow travel time on edge e
κe Capacity of edge e
λcon Weight of the flow-conservation regularization term
ϵ Small positive constant used for numerical stability
µf Mean used for flow normalization
σf Standard deviation or scale used for flow normalization
B′ Directed node-edge incidence operator of the reconfigured graph
ϕm Message function in a graph neural network layer
ϕh Node-update function in a graph neural network layer
ψ Edge-flow readout or decoder function

Variables

f old Observed old flows on G

fnew Post-edit flows on G′

fe Real-scale target flow on edge e
f̂e Real-scale predicted flow on edge e
f̃e Normalized target flow on edge e
ˆ̃fe Normalized predicted flow on edge e
ˆ̃f (k)
e Normalized flow estimate on edge e at pseudo-time step k

∆ ˆ̃f (k)
e Normalized flow correction on edge e at pseudo-time step k

ae Edge-attribute vector on the pre-edit graph
a′

e Edge-attribute vector on the post-edit graph
aalign

e Aligned old-new edge descriptor for edge e ∈ E ′

ze Aligned edge input feature used by the learning model
dv Node-level net-demand proxy derived from old flows
ρv Node-level flow-imbalance residual at node v
Q OD demand matrix used for SUE label generation
qrs OD demand from origin r to destination s

δep Indicator equal to one if edge e belongs to path p
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te(fe) Congestion-dependent travel cost on edge e
h(k)

v Node hidden state at pseudo-time step k

g(k)
e Edge hidden state at pseudo-time step k

mu→v Message sent from node u to node v
ηe Learned edge gate in the GatedGCN layer
Lsup Supervised edge-flow regression loss
Lcon Flow-conservation regularization loss
L Total training loss
RMSEnorm Root mean squared error in normalized space
RMSEreal Root mean squared error in real flow units
WMAPE Weighted mean absolute percentage error
RelCon Relative node-level flow-conservation violation
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1
Introduction

1.1 Background

Traffic flow prediction is a central problem in transportation system analysis as
it supports monitoring, control, and planning decisions across modern road net-
works [1, 2]. The increasing availability of loop detectors, wireless sensing infras-
tructure, mobile traces, and large-scale trajectory data has substantially expanded
the empirical basis of traffic modelling [2, 3]. As a result, a large number of the
recent literature has focused on temporal forecasting, where the objective is to pre-
dict future traffic speed, flow, or travel time from historical observations [1, 4].
These models are highly valuable for short-term operations and real-time traffic
management. However, they address only one part of the broader problem faced by
transportation agencies. In many planning and operational settings, the key ques-
tion is not only how traffic evolves over time, but also how traffic redistributes when
the network itself is modified.

This setting can be described as traffic flow prediction under network reconfigura-
tion. In such problems, the aim is to estimate the equilibrium flow pattern after a
structural change to the network, such as a road closure, the addition of a new road
link, a lane-capacity adjustment, or a change in speed limits. The task is therefore
counterfactual: the target flow field must be inferred from the currently observed
flows together with the proposed reconfiguration. This type of analysis is essential in
infrastructure planning, disruption management, and rapid what-if scenario screen-
ing, where decision makers need reliable estimates of post-edit traffic information
before the intervention is implemented.

Within conventional transportation planning, these questions are typically addressed
through origin-destination (OD)-based traffic assignment. Starting from Wardrop’s
equilibrium principle [5], practical workflows generally require an OD demand matrix
together with a traffic assignment model, such as user equilibrium or stochastic user
equilibrium, in order to compute stationary link flows [6, 7]. Although this frame-
work is theoretically well established, its practical use in rapid scenario analysis is
constrained by two major difficulties. First, OD demand is not directly observable
and must instead be obtained from surveys, traffic counts, or heterogeneous proxy
data, making the estimation problem underdetermined and sensitive to modelling
assumptions [8, 9, 10]. Second, equilibrium assignment usually has to be solved
repeatedly for each candidate intervention, which creates a substantial computa-
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1. Introduction

tional burden in large networks or in applications that require many counterfactual
evaluations [6, 11].

These limitations motivate the development of learned surrogate models that can
approximate post-edit flow redistribution directly from network structure, edge at-
tributes, and observed traffic states. Graph neural networks (GNNs) are a natural
candidate for this purpose because they have a structure similar to that of road sys-
tems: nodes represent intersections or centroids, whereas edges represent directed
road segments with physical and operational attributes. GNNs have already shown
strong performance in traffic forecasting by learning spatial dependencies on road
networks [4, 10], and recent work has begun to extend graph-based learning to
traffic assignment itself [11]. Based on this emerging direction, this thesis investi-
gates whether graph-based and physics-informed learning can predict equilibrium
link flows under network reconfiguration without requiring explicit OD informa-
tion. Such a model would offer both practical value, and methodological value, by
connecting transportation equilibrium modelling with modern graph-based machine
learning.

1.2 Problem Statement
In this thesis, the problem is defined as predicting post-edit stationary link flows,
given the pre-edit network, the modified network, and observed pre-edit link flows,
but without access to the OD demand matrix. This problem is closely related to
equilibrium-based traffic assignment, where the objective is to determine link flows
and route-choice behaviour in a steady state [5].

Let the pre-edit road network be denoted by G = (V,E,A), where V is the node
set, E is the directed edge set, and A collects the edge attributes. After network
reconfiguration, the new network is written as G′ = (V,E ′, A′). The modification
may involve adding or removing links, or changing key edge attributes such as ca-
pacity or free-flow travel time. The node set remains unchanged before and after the
reconfiguration. The objective is not to model the short transient state immediately
after the intervention. Instead, the goal is to predict the link flows after traffic has
redistributed and the network has reached a new equilibrium.

The prediction target is

fnew = {fnew
e : e ∈ E ′} ∈ R|E′|

+ . (1.1)

where fnew denotes the stationary flow on edge e in the modified network. We
assume that the structure and edge attributes of both the pre-edit and post-edit
networks are available, together with the observed pre-edit link flows

f old = {f old
e : e ∈ E} ∈ R|E|

+ . (1.2)

The task is to learn a mapping

F : (G,G′, f old) 7→ f̂new. (1.3)

2



1. Introduction

such that f̂new approximates the true post-edit equilibrium flow fnew.

A central assumption is that the latent OD demand remains fixed before and after
the network reconfiguration. The intervention changes the network structure rather
than the travel demand itself. Thus, differences between pre-edit and post-edit flows
are attributed to route redistribution induced by the modified network. However,
the OD matrix is not observed and is not provided to the model during the training.

This problem is difficult for several reasons. First, changes in topology or edge
attributes affect feasible routes, travel costs, and flow distribution at the network
level. Even a local intervention may therefore have non-local consequences. Post-
edit flow cannot, in general, be inferred from a purely local correction of its pre-
edit value. Second, once OD information is removed, the inverse problem becomes
underdetermined. Different latent demand patterns may generate similar pre-edit
observations f old, yet produce different equilibrium flows on the modified network
G′. Therefore, the mapping from (G,G′, f old) to fnew is, in general, not unique.
This non-uniqueness is a fundamental difficulty of the OD-free setting. The learning
problem is thus to infer a practically useful approximation of post-edit equilibrium
flows from structural and observational information alone.

1.3 Aim and Research Questions

The aim of this thesis is to study OD-free prediction of equilibrium link flows un-
der road network reconfiguration. The input consists of the pre-edit graph G =
(V,E,A), the observed pre-edit flow f old, and the reconfigured graphG′ = (V,E ′, A′).
The target is the post-edit equilibrium flow fnew on G′. The OD demand matrix Q
is used only to generate SUE labels and is not provided for the learning model.

The thesis first examines the methodological gap in existing approaches. It then
formulates the prediction task as an OD-free flow-to-flow problem and evaluates a
physics-informed graph surrogate for this setting. The research questions are:

RQ1 What methodological gap remains when existing traffic assignment, OD es-
timation, graph forecasting, and graph surrogate are compared for OD-free
equilibrium flow prediction under network reconfiguration?

RQ2 How can post-edit equilibrium flow prediction be formulated as an OD-free
flow-to-flow learning problem using G, f old, and G′, while treating the OD
demand Q as latent?

RQ3 Can a physics-informed graph surrogate predict post-edit link flows on different
road networks more accurately than learning-based baselines?

RQ4 How do prediction error and physical consistency vary across network scales,
edge types, and model components, especially for retained edges, newly added
edges, and ablated model variants?

3



1. Introduction

1.4 Contributions
This thesis makes three main contributions.

First, it formulates traffic flow prediction as an OD-free learning problem. The task
is defined as predicting stationary link flows under network reconfiguration, without
using the OD demand matrix as an input. This formulation reflects a practically
relevant setting in which reliable OD information is unavailable or too costly to
estimate.

Second, it develops a data generation pipeline for supervised learning in this setting.
The pipeline constructs paired pre-edit and post-edit traffic networks, applies con-
trolled network modifications, and computes post-edit equilibrium flows using traffic
assignment. This makes it possible to train and evaluate learning-based models on
counterfactual flow redistribution tasks with ground truth.

Third, it proposes a graph-based prediction model for post-edit traffic flow estima-
tion. The model is designed to use both network topology and edge attributes,
together with observed pre-edit flows, to predict stationary flows on the modified
network. The design is motivated by the relational structure of road systems and
by the need to capture non-local effects induced by network changes.

1.5 Thesis Outline
The rest of this thesis is organized as follows. Chapter 2 reviews related work on
traffic assignment and graph neural networks. It also clarifies the research gap
addressed in this thesis. Chapter 3 presents the proposed physics-informed graph
learning framework for OD-free flow-to-flow prediction. It describes the generation
of network-pair dataset, the graph-based surrogate model, the learning objective,
and the well-posedness of the prediction problem. Chapter 4 describes the im-
plementation, including the training setup, baseline models, and ablation studies.
Chapter 5 reports the experimental results on the Sioux Falls and EMA networks.
It discusses prediction accuracy, physical consistency, edge-type behavior, computa-
tional efficiency, and ablation results. Chapter 6 concludes the thesis by interpreting
the main findings, discussing limitations, and outlining directions for future work.
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2
Related Work on Traffic

Assignment and Graph-Based
Learning

2.1 Traffic Assignment

Traffic assignment studies how travel demand is distributed over a transportation
network. The network is usually represented as a directed graph, with nodes corre-
sponding to intersections, centroids, or terminals, and links corresponding to road
segments. Travel demand is specified by an OD matrix. In static traffic assignment,
the objective is to determine stationary route and link flows for a given network,
a given OD matrix, and a set of link cost functions. The problem is therefore
concerned with equilibrium flow patterns rather than short-term traffic dynamics.

The classical starting point is Wardrop’s first principle, which states that, at equi-
librium, all used routes between an OD pair have equal and minimal travel cost, and
that no traveller can reduce travel time by switching routes unilaterally [5]. This
condition defines the user equilibrium. A related concept is the system optimum, in
which total network travel cost is minimized. The user equilibrium formulation was
given a precise mathematical structure by Beckmann, McGuire, and Winsten [12],
who showed that, under separable and monotone link cost functions, the problem
can be written as a convex optimization problem.

Deterministic user equilibrium assumes that travellers perceive route costs exactly.
This assumption is often too strong in practice. Travellers may differ in informa-
tion, perception, and preferences, and they may not respond identically to the same
network conditions. For this reason, stochastic traffic assignment models were in-
troduced. In particular, stochastic user equilibrium allows route choice to depend
on perceived rather than exact costs [7]. This formulation is widely used when route
choice uncertainty must be taken into account.

Static traffic assignment therefore requires three central parts: a network representa-
tion, an OD matrix, and a specification of link cost functions. Once these are given,
equilibrium flows are computed by iterative numerical methods. Standard refer-
ences include Sheffi [6] and Patriksson [13], who describe both the theoretical basis
and the main solution methods used in practice, including convex combinations and
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Frank–Wolfe-type algorithms. These models remain a core part of transportation
analysis and provide the standard framework for estimating stationary link flows
under congestion.

2.2 Graph Neural Networks
GNNs are learning models for graph-structured data. A graph consists of a node
set V and an edge set E. In networked physical systems, nodes represent physical
entities and edges represent interactions or couplings between them. This represen-
tation is useful when the system is governed by local interactions but exhibits global
collective behaviour. Examples include molecules, particle systems, power networks,
and transportation networks. In such settings, graph structure provides a suitable
inductive bias for learning relational dependencies [14].

A common GNN formulation is message passing. Let G = (V,E,A) be a graph.
For a node v ∈ V , let h(ℓ)

v denote its hidden representation at layer ℓ. For an edge
e = (u, v) ∈ E, let ae denote its edge attributes. A message passing layer computes
messages along edges and then updates node representations by aggregation:

m(ℓ)
u→v = ϕm

(
h(ℓ)

u , h(ℓ)
v , ae

)
, (2.1)

h(ℓ+1)
v = ϕh

(
h(ℓ)

v , AGGu∈N (v)m
(ℓ)
u→v

)
. (2.2)

Here, N (v) denotes the neighborhood of node v, that is, the set of nodes connected
to v. The function ϕm is a learnable message function. It maps the source-node
state, the target-node state, and the edge attributes to an edge-wise message. The
function ϕh is a learnable update function. It maps the previous node state and
the aggregated incoming message to the next node representation. In practice, ϕm

and ϕh are parameterized by neural-network modules, multi-layer perceptrons with
nonlinear activations. The trainable parameters of the message-passing layer are
contained in these two functions. The aggregation operator AGG is permutation-
invariant, such as summation, mean, or max. By stacking several layers, information
can propagate beyond immediate neighbors. This allows the model to capture long-
range dependencies through repeated local interactions. A general message passing
framework was formalized by Gilmer et al. [15].

GNNs have been used in several classes of physical problems. In molecular mod-
elling, they learn from atoms and bonds while respecting the underlying interaction
graph [15]. In physical simulation, graph-based models have been used to represent
object-centric systems and to learn dynamics directly from relational states [16].
More broadly, Battaglia et al. [14] argue that graph-based architectures are well
suited to domains in which entities interact through structured relations. This is
important in networked physical systems because the state of one component is
rarely independent of its neighbors. Instead, system behaviour emerges from many
coupled local interactions.
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One useful GNN architecture for such problems is the Gated Graph Convolutional
Network (GatedGCN) proposed by Bresson and Laurent [17]. In this architecture,
messages are modulated by learned edge-dependent gates, and node and edge rep-
resentations are updated jointly. This is useful when interactions have different
strengths or different functional roles. In many physical networks, not all adjacent
connections contribute equally to the final response. Edge gating allows the model
to learn this heterogeneity directly from data. Residual connections are also in-
cluded to support deeper message passing and more stable optimization. For these
reasons, GatedGCN has become a practical architecture for graph learning tasks in
which edge attributes carry substantial information.

2.3 Physics-Informed Learning on Graphs
Physics-informed learning incorporates known physical structure into the learning
process. In the classical PINN framework, this is done by penalizing violations
of governing equations, boundary conditions, or conservation laws during training
rather than learning solely from data [18]. The main idea is that predictions should
not only fit observations, but also remain consistent with the underlying physical
system. This often improves data efficiency, interpretability, and generalization. A
broader review is given by Karniadakis et al. [19].

In many applications, the governing structure is not expressed most naturally on a
regular spatial grid. Instead, the system is better described by interacting entities
and relations. In such cases, graph-based models provide a convenient representa-
tion. Physics-informed learning on graphs combines this representation with struc-
tural constraints derived from the domain. These constraints may take the form
of conservation laws, symmetry conditions, constitutive relations, or balance equa-
tions. The purpose is not to replace graph learning, but to restrict it to physically
meaningful solution spaces.

For networked systems, conservation is often the most basic structural prior. In a
flow network, for example, predictions should satisfy balance relations at nodes and
remain compatible with edge-dependent costs or interactions. Similar ideas appear
in graph-based physical modelling, where relational architectures are combined with
physical constraints to improve stability and consistency [16]. The same principle
has also been explored in physics-informed graph neural networks for dynamical
systems, where conservation laws are enforced directly in the learned interaction
model [20]. These examples illustrate a general point: in graph domains, physical
knowledge is often expressed through relations between nodes and edges rather than
through pointwise residuals alone.

This perspective is relevant in transportation as well. Traffic flow on a road net-
work is not an arbitrary edge-level signal. It is shaped by network connectivity,
conservation of flow, congestion-dependent costs, and route-choice equilibrium. For
that reason, graph-based surrogates for traffic assignment can benefit from physi-
cally meaningful constraints in addition to data fitting. Recent work has also begun
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to study graph neural networks for traffic assignment directly, which further sup-
ports the use of graph-based learning in this setting [11]. Physics-informed learning
on graphs can therefore be understood as a natural extension of data-driven graph
modelling to domains where structural consistency matters.

2.4 Research Gap
Classical traffic assignment provides a well-established framework for analysing equi-
librium flow distribution in road networks. Standard formulations assume a known
OD matrix and compute equilibrium flows by solving an assignment problem on a
given network [5, 13]. The same general framework is also used when candidate net-
work changes are evaluated. In that case, a new assignment problem must be solved
for each modified network. This remains effective, but it becomes restrictive when
OD information is uncertain and when many scenarios must be screened quickly.

Graph-based learning has become common in transportation research, but most
existing work addresses a different task. Representative models such as DCRNN [4]
and STGCN [21] are designed for spatio-temporal forecasting on a fixed graph.
Their objective is to predict future traffic states from historical observations while
the network topology remains unchanged. This work has been highly successful, and
recent reviews [22] confirm its central role in transportation applications of graph
neural networks. However, forecasting on a fixed topology does not address how
equilibrium flows change after links are added, removed, or modified.

More direct work on traffic assignment with graph neural networks has only appeared
recently. Liu and Meidani [11] proposed an end-to-end heterogeneous GNN for static
traffic assignment. A later extension considered multi-class traffic assignment in the
same general framework [23]. These studies show that graph-based surrogates can
approximate assignment outputs with good accuracy. They are an important step
forward. At the same time, they remain OD-based formulations. OD demand is
provided explicitly, and the task is still posed as assignment under known demand
rather than inference from observed pre-edit flows alone.

The literature therefore still contains a clear gap. There is extensive work on OD-
based traffic assignment. There is also extensive work on graph-based traffic fore-
casting on fixed networks. More recently, there are graph neural network surrogates
for traffic assignment itself. What is still missing is a method that combines these
works in the specific setting of network reconfiguration and OD-free information. In
particular, the literature lacks graph-based models that use the pre-edit network, the
modified network, and observed pre-edit link flows to predict post-edit equilibrium
link flows without explicit OD input.
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3
Physics-Informed Graph Learning
Framework for Flow Prediction

3.1 Ground-Truth Generation through Traffic As-
signment

The supervised dataset used in this thesis is generated by combining benchmark
road networks, controlled network edits, and equilibrium traffic assignment. Each
training instance is built as a paired pre-edit and post-edit network state. The
pre-edit state provides the baseline structure and flow pattern. The post-edit state
provides the counterfactual target that the learning model is asked to predict. This
design makes the data generation process explicit and keeps the prediction task
closely aligned with the thesis objective.

3.1.1 Generation of Pre-edit Traffic Scenarios
Each sample starts from a benchmark road network represented as a directed graph
with a fixed node set and a fixed base topology. In this thesis, the graph edges
carry physical attributes that describe the operating state of the network. These
attributes are capacity, speed, and length. Free-flow travel time is then computed
from edge length and speed. A pre-edit traffic scenario is defined before any struc-
tural modification is applied. It therefore consists of the base graph together with
scenario-specific edge attributes and an OD demand matrix used by the assignment
solver.

To generate multiple pre-edit states on the same base network, link-level operat-
ing conditions are varied across scenarios. In particular, capacities and operating
speeds are sampled over predefined feasible ranges by Latin Hypercube Sampling
(LHS) [24]. This produces a diverse set of baseline conditions while keeping the
sampling procedure systematic. Once these quantities have been sampled, the corre-
sponding free-flow travel times are recomputed. The result is a collection of pre-edit
network states that share the same topology but differ in operational conditions.

Demand is also generated by LHS and then kept fixed within each old–new pair. In
all cases, the demand information is used only for label generation through traffic
assignment. It is not part of the predictor input at inference time. This distinction
is central to the thesis. The baseline scenario must contain enough information to
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define a physically meaningful pre-edit flow pattern, but the later learning problem
remains OD-free.

The output of this stage is a collection of pre-edit network states. Each state in-
cludes the original graph, scenario-specific edge attributes, and a demand matrix
that is hidden from the predictor. These baseline states are necessary because coun-
terfactual prediction is defined relative to an observed pre-edit condition rather than
from topology alone.

3.1.2 Network Reconfiguration Operators
After the pre-edit scenario has been defined, an edited network is created by applying
explicit reconfiguration operators. The node set is kept unchanged throughout.
Reconfiguration acts only on the edge set and on edge attributes. The purpose
of this step is to construct a post-edit network that differs from the baseline in a
controlled but non-trivial way.

The reconfiguration strategy combines topology change and attribute perturbation.
Topology change is carried out in two stages. First, new edges are added from
nodes with relatively high baseline flow that is obtained by the SUE solver. For
each selected source node, a small number of outgoing connections is introduced
toward previously unconnected nodes. Second, edges are removed from nodes with
relatively low baseline flow. A deletion is accepted only if the edited graph remains
strongly connected [25]. Here, strongly connected means that for every ordered
pair of nodes, there exists a directed path from the first node to the second. This
condition is imposed so that feasible routes remain available in the later assignment
step.

After topology change, the edited network is further modified through edge-attribute
perturbation. A subset of edges is selected, and their capacities and speeds are
rescaled within admissible bounds. The corresponding free-flow travel times are then
recomputed. This step allows the counterfactual network to reflect both structural
edits and operational changes. The resulting reconfiguration operators are therefore
aligned with standard categories in transportation network design, such as edge
addition, edge removal, and capacity or performance adjustment [26].

3.1.3 Equilibrium Flow Computation
Once both the pre-edit and edited networks have been defined, ground-truth edge
flows are generated through stochastic user equilibrium assignment. Actually, in a
deterministic user equilibrium, all used routes between an origin and a destination
have equal and minimal travel cost. In a SUE, travellers are allowed to have imper-
fect perception of route costs. Lower-cost routes are more likely to be chosen, but
routes with higher perceived cost may still carry some flow.

Congestion is represented through flow-dependent edge travel times. For each di-
rected edge e, the travel time is given by a Bureau of Public Roads (BPR) type
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function,

te(fe) = t0e

1 + α

(
fe

κe

)β
 , (3.1)

where t0e is the free-flow travel time, κe is edge capacity, and α and β are congestion
parameters. The travel-time vector t(f) therefore changes as traffic is assigned to
the network.

For a given graph G = (V,E,A), OD demand matrix Q, and travel-time vector t,
stochastic network loading is formulated through a Markov-logit route-choice model.
For each destination s, a value function V s

i represents the expected downstream
travel cost from node i to destination s. It satisfies the recursive logit relation

V s
i = −1

θ
log

∑
(i,j)∈E

exp
[
−θ

(
tij + V s

j

)]
, V s

s = 0, (3.2)

where θ is the logit dispersion parameter. This gives the destination-specific transi-
tion probability

ps
ij =

exp
[
−θ

(
tij + V s

j

)]
∑

(i,k)∈E exp [−θ (tik + V s
k )] . (3.3)

The probability ps
ij describes the share of traffic heading to destination s that moves

from node i to node j. It is larger for downstream alternatives with lower perceived
total cost.

Given these transition probabilities, destination-based traffic loading can be written
as a balance relation. Let xs

i denote the amount of traffic at node i with destination
s, and let qs

i denote the corresponding OD demand injected at node i. Then

xs
i = qs

i +
∑

(j,i)∈E

xs
jp

s
ji. (3.4)

The induced edge flow is
yij =

∑
s

xs
ip

s
ij. (3.5)

This loading step maps a current travel-time field to an edge-flow field.

The SUE flow is obtained as a fixed point between congestion-dependent travel times
and stochastic network loading:

f = Lθ

(
t(f), Q;G

)
, (3.6)

where Lθ denotes the Markov-logit loading operator. The fixed point is approxi-
mated by a method-of-successive-averages update. At iteration k, travel times are
evaluated from the current flow f (k), stochastic loading produces an auxiliary flow
y(k), and the assigned flow is updated as

f (k+1) = (1 − λk)f (k) + λky
(k), (3.7)
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where λk is a bounded step size. The iteration continues until the flow and cost
changes are sufficiently small.

For each network-pair sample, the same latent OD demand is used before and after
reconfiguration. The pre-edit equilibrium flow is

f old = ΦSUE(G,Q), (3.8)

and the post-edit equilibrium flow is

fnew = ΦSUE(G′, Q). (3.9)

The vector fnew is used as the supervision target. The OD demand Q is part of the
label-generation process, but it is not provided to the graph learning model. The
prediction task is therefore to approximate SUE-generated post-edit link flows from
G, G′, and f old, without explicit OD demand input.

3.1.4 Construction of Network-Pair Samples
After both equilibrium solves have been completed, the final dataset is seen as a
collection of paired samples. Each instance contains a pre-edit graph, its equilibrium
edge flows, the edited graph obtained through reconfiguration, and the post-edit
equilibrium flows computed on that edited graph. The same latent demand scenario
underlies both states in the pair, but this demand is not exposed to the predictor.
The pair therefore captures a controlled before–after change in network structure
and flow distribution.

From a macro perspective, the label-generation stage can be viewed as

(G,Q,∆G) 7→ (G′, fnew) , (3.10)

where G is the pre-edit network, Q is the OD demand matrix used internally by
the assignment solver, and ∆G denotes the applied network modification. For the
downstream learning task, this is converted into the OD-free supervised mapping(

G, f old,∆G
)

7→ fnew. (3.11)

This formulation matches the purpose of the thesis. The model is not asked to
recover demand. It is asked to infer how an observed baseline flow pattern redis-
tributes when the network is edited. This paired construction is appropriate for two
reasons. First, it preserves the relational structure of the counterfactual problem.
The post-edit target is always tied to a specific pre-edit baseline and a specific mod-
ification. Second, it makes the later graph-learning task well defined. The predictor
receives information about the original network state and the edited network state,
and it learns to approximate the stationary post-edit flow field generated by equilib-
rium assignment. In this way, the dataset serves as a bridge between classical traffic
assignment and graph-based surrogate modelling for counterfactual flow prediction.
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3.2 Graph-Based Surrogate Model
The proposed model, referred to as ST-PINN GatedGCN, is an edge-centric physics-
informed graph surrogate for OD-free flow prediction under network reconfiguration.
ST-PINN denotes a spatio-topological physics-informed neural network. The term
spatio-topological reflects that the model operates on a pair of graph structures
and must account for changes in both edge attributes and connectivity. The term
physics-informed reflects the use of node-level flow imbalanced pressure and flow-
conservation regularization to guide the learned redistribution process. GatedGCN
is used as the local message-passing backbone because it updates node and edge
states jointly and uses edge-dependent gates to control how information is transmit-
ted across directed links.

Overview of the Proposed Graph-Based Surrogate Model
OD-free traffic flow prediction under network reconfiguration

ST-PINN GatedGCN

Observable inputs Learned surrogate Prediction and checks

Network pair
G, old flows

G', edited topology

capacity, speed, length

OD demand Q is 
hidden at inference

Edge alignment on E'

old edge [a, f old, a', 0]

new edge  [0, 0, a', 1]

f(0) on E' d from old 
flows

Retained edges inherit old flows;
new edges start without history.

aligned state z_e

Post-edit flows

prediction:
f_new on E'

WMAPE RMSE RelCon

Fast forward pass for 
scenario screening

SUE solver
labels only

SUE labels
f_new

training objective
L = L_sup +  lambda L_con

retained added removed

Recurrent physics-informed
diffusion

repeat K pseudo-time steps

Residual injection
rho(k), f(k)

GatedGCN message 
passing

edge and node states

 global rerouting

Flow and pressure correction
f(k+1) = f(k) + delta f(k)

rho(k+1)=rho_v(k)+in(Deltaf)-
out(Delta f)

Figure 3.1: Overview of the ST-PINN GatedGCN surrogate for OD-free traffic flow
prediction under network reconfiguration. The model takes the pre-edit network,
observed old flows, and the reconfigured network as inputs. Edge alignment trans-
fers old-flow information onto the new edge set, while recurrent physics-informed
GatedGCN diffusion updates edge and node states through residual injection, mes-
sage passing, and flow correction. OD demand is used only by the SUE solver to
generate training labels. The final output is the predicted post-edit flow field on E ′,
evaluated by WMAPE, RMSE, and RelCon.

3.2.1 Design Principle
Recent work has shown that graph neural networks can act as effective surrogates for
traffic assignment and network flow prediction [11, 27]. However, most graph-based
formulations assume that prediction is performed on a single fixed network. The
present problem is different. The input flow is defined on the pre-edit network, while
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the prediction target is defined on the post-edit network. A useful surrogate must
therefore solve a paired-graph state transfer problem before any graph diffusion can
begin.

This requirement motivates the structure of the model. First, the pre-edit flow state
must be aligned with the reconfigured edge set. Second, the aligned state must be
propagated through the edited topology in a way that is sensitive to directed edges
and edge attributes. This motivates the use of a residual gated graph convolution,
which maintains explicit edge states and edge-dependent gates, following the logic
of Bresson et al. [28]. Third, the model must account for rerouting effects that
are not confined to short graph distances. This motivates a nonlocal interaction
module, referred to here as virtual routing. Fourth, the output should be guided
by node-level flow conservation so that the predicted flow field remains compatible
with the stationary traffic-assignment setting [5].

3.2.2 Edge Alignment Module
The first step of the model is to align the pre-edit edge state with the edited network.
This step is necessary because there is no guaranteed one-to-one correspondence
between the edges of G and G′. Some edges are retained, some are removed, and
some are newly added. Even when an edge with the same ordered endpoints appears
in both networks, its attributes may have changed after the edit. A direct transfer
of the pre-edit flow vector is therefore not well defined.

The alignment module resolves only the unambiguous correspondences that remain
valid after reconfiguration. An edge in the edited network is treated as retained if
the same directed edge also exists in the pre-edit network. Otherwise, it is treated
as a newly added edge. This rule is used both to initialize the flow state on G′ and
to construct the edge descriptor for the downstream graph model.

The initial projected flow on the edited network is defined edge-wise as follows:

f (0)
e =

f old
e , e ∈ E ∩ E ′,

0, e ∈ E ′ \ E.
(3.12)

In words, retained edges inherit their observed pre-edit flow, whereas newly added
edges are initialized with zero flow. This gives a simple and physically interpretable
starting point. The model does not assume any immediate flow on links that did
not exist before the edit.

The same correspondence rule is used to build the aligned edge descriptor. For each
edge e ∈ E ′, the descriptor contains old edge attributes, pre-edit flow, new edge
attributes, and a binary indicator for whether the edge is new:

aalign
e =

[ae, f
old
e , a′

e, 0], e ∈ E ∩ E ′,

[0, 0, a′
e, 1], e ∈ E ′ \ E.

(3.13)
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Here, ae denotes the pre-edit edge attributes and a′
e denotes the post-edit edge at-

tributes. In the present implementation, these attributes consist of capacity, speed,
and length. The aligned descriptor therefore has eight components in total: three
old attributes, one pre-edit flow value, three new attributes, and one binary indi-
cator. This descriptor is then passed through a linear embedding layer in order to
initialize the latent edge state used by the diffusion model.

Edge alignment also defines the initial imbalance field on the edited network. First,
a node-level demand proxy is computed from the pre-edit stationary flow. For each
node v, this quantity is the difference between total inflow and total outflow in the
pre-edit network:

dv =
∑

e∈InG(v)
f old

e −
∑

e∈OutG(v)
f old

e . (3.14)

This quantity is carried into the edited network pair. After the projected flow f (0)
e

has been defined on G′, the initial imbalance is computed as

ρ(0)
v =

∑
e∈InG′ (v)

f (0)
e −

∑
e∈OutG′ (v)

f (0)
e − dv. (3.15)

This is the difference between incoming and outgoing projected flow on the edited
network, corrected by the node-level demand proxy from the pre-edit state. If
ρ(0)

v ̸= 0, the projected flow is not yet compatible with the edited topology. The
model therefore starts from a non-equilibrium state and must redistribute flow over
the edited network in the subsequent diffusion steps. This makes the role of the
alignment module clear: it does not solve the reconfiguration problem by itself, but
it provides a structured and physically meaningful initialization for the later stages
of the model.

3.2.3 GatedGCN-Based Pseudo-Time Diffusion

The core of the model is a recurrent diffusion process defined on the edited graph.
The recurrence index k = 0, 1, . . . , K is a pseudo-time variable. It does not represent
physical time. Instead, it indexes a sequence of iterative corrections that move the
projected post-edit flow state toward a stationary configuration. The purpose of
this module is therefore not temporal forecasting. Its purpose is to model flow
redistribution after a network edit.

At each pseudo-time step, the model updates both node states and edge states. The
edge state carries information about the current link condition, while the node state
carries information about the local redistribution context. The current imbalance
field and the current flow estimate are injected into these latent states before message
passing is performed. In the implemented model, this injection is done by linear
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projections. For a directed edge u → v, the injected edge state is written as

ḡ(k)
uv = Wg


g(k)

uv

ρ(k)
u

ρ(k)
v

f̃ (k)
uv

+ bg, (3.16)

and the injected node state is

h̄(k)
u = Wh

[
h(k)

u

ρ(k)
u

]
+ bh. (3.17)

Here, g(k)
uv and h(k)

u are the current latent edge and node states, ρ(k)
u is the current

node imbalance, and f̃ (k)
uv is the current edge flow estimate in normalized space. In

this thesis, normalized space refers to the standardized flow representation used by
the learning model, whereas conservation updates are later applied in real flow units.

After this physical state has been injected, the model performs local propagation
using a residual GatedGCN layer. The purpose of this step is to transmit rerouting
information along the edited directed topology. For each directed edge u → v, an
edge-dependent gate is computed as

q(k)
uv = WDh̄

(k)
v +WEh̄

(k)
u +WC ḡ

(k)
uv , η(k)

uv = σ
(
q(k)

uv

)
, (3.18)

where η(k)
uv controls how much information is passed along that edge. The incoming

message at node v is then

m(k)
v =

∑
u∈N (v) η

(k)
uv ⊙WBh̄

(k)
u∑

u∈N (v) η
(k)
uv + ε

, (3.19)

where N (v) denotes the set of predecessor nodes connected to v,and ε is a small
constant added for numerical stability. The updated node and edge states are

h(k+1)
v = Res

(
WAh̄

(k)
v +m(k)

v

)
, g(k+1)

uv = Res
(
q(k)

uv

)
. (3.20)

Here, Res(·) denotes the residual update used in the implemented layer, including
normalization, activation, and dropout. The same diffusion cell is reused at every
pseudo-time step. This weight sharing is important because it makes the rollout
behave as a repeated redistribution mechanism rather than as a stack of unrelated
graph transformations.

Once the local propagation step has been completed, the updated edge state is
decoded into a flow correction:

∆f̃ (k)
e = ψ

(
g(k+1)

e

)
, f̃ (k+1)

e = f̃ (k)
e + ∆f̃ (k)

e . (3.21)

The readout function ψ(·) is a small multi-layer perceptron. It predicts a correction
in normalized space. This prediction is then converted to real flow units for the
imbalance update. The imbalance field evolves according to

ρ(k+1)
v = ρ(k)

v +
∑

e∈InG′ (v)
∆f (k)

e −
∑

e∈OutG′ (v)
∆f (k)

e , (3.22)
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where ∆f (k)
e denotes the real-valued flow correction on edge e. This update has

a direct interpretation: if more corrective flow enters a node than leaves it, the
imbalance increases; if more leaves than enters, the imbalance decreases.

This recurrence defines a discrete conservation-style redistribution process. It is not
intended to be a full macroscopic traffic solver. Its role is more specific. It provides a
structured latent evolution in which local flow corrections modify the node imbalance
field, and the updated imbalance field then shapes the next round of edge-level
corrections. In this way, the model approximates post-edit flow redistribution as an
iterative relaxation process on the edited graph. That interpretation is the main
reason for introducing pseudo-time diffusion in the first place.

3.2.4 Global Interaction Modeling via Virtual Routing
Local diffusion is necessary, but it is not sufficient. The GatedGCN update de-
scribed above propagates information only through local graph connectivity. After
K pseudo-time steps, information can only travel through a limited K-hop neigh-
borhood. This is adequate for nearby corrections, but it may be insufficient when
a local network edit changes route choice over a much larger part of the network.
A deleted bridge, a new bypass, or a modified high-capacity corridor may influence
flow redistribution far beyond the immediate neighborhood of the edited links.

To address this limitation, the model includes a virtual routing module. The purpose
of this module is to introduce nonlocal interaction between nodes that are far apart
in graph distance but strongly coupled in the final redistribution pattern. The
module operates on the node-state matrix H(k) at pseudo-time step k. It uses
multi-head self-attention [29], followed by layer normalization and a residual feed-
forward block. Below, MHA denotes multi-head attention and LN denotes layer
normalization. Since this is self-attention, the query, key, and value inputs are all
taken from the same node-state matrix:

Q(k)
att = H(k)WQ, K(k)

att = H(k)WK , V(k)
att = H(k)WV . (3.23)

At a high level, the module computes a dense interaction pattern within each graph:

VR
(
H(k)

)
= LN

(
H(k) + MHA

(
Q(k)

att,K
(k)
att,V

(k)
att

))
, (3.24)

followed by a residual feed-forward transformation. In expanded form, the attention
weights are

ω(k)
uv = softmaxv


(
WQh

(k)
u

)⊤ (
WKh

(k)
v

)
√
datt

 , (3.25)

and the updated node representation is

h̃(k)
u =

∑
v

ω(k)
uv WV h

(k)
v . (3.26)

Here, h(k)
u is the node embedding of node u, WQ, WK , and WV are learned projection

matrices, and datt is the attention dimension used for scaling. ω(k)
uv measures how

strongly node u attends to node v at pseudo-time step k.
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In the implemented architecture, the virtual routing module is applied at every
pseudo-time step. At each step k, the current node and edge states are first updated
by local GatedGCN message passing. The global message channel is then evaluated
using the updated states and injected back into the diffusion process before the next
flow correction is computed.

3.3 Structure-Aware Learning Objective
The surrogate model is trained with a structure-aware objective rather than with
point-wise regression alone. This is necessary because the task is to predict post-
edit stationary flows on a reconfigured network, not just to match edgewise labels
independently. The learning objective therefore combines direct supervision on the
target link flows with graph-structured regularization terms that reflect nodal bal-
ance and terminal stability. This design is consistent with the role of conservation
and equilibrium in static traffic assignment [5, 13], while remaining fully compatible
with a learned graph surrogate [11].

3.3.1 Supervised Regression Loss
The first component of the training objective is a supervised regression loss on the
post-edit edge flows. Let E ′ denote the edge set of the edited network. For each
edge e ∈ E ′, let f̃e denote the normalized solver-generated post-edit stationary flow,
and let ˆ̃fe denote the corresponding model prediction. The supervised loss is defined
as the mean absolute error over the edited edge set:

Lsup = 1
|E ′|

∑
e∈E′

∣∣∣∣ ˆ̃fnew
e − f̃new

e

∣∣∣∣ . (3.27)

This term is the primary data-fitting signal in the model. It directly trains the
surrogate to reproduce the post-edit equilibrium link flows generated by the traffic
assignment solver. The loss is evaluated in normalized flow space. This is consistent
with the data preprocessing described earlier and improves numerical stability across
scenarios with different traffic magnitudes.

In the implemented model, the supervised term is based on mean absolute error
(MAE) rather than mean squared error (MSE). The reason is practical. Even after
normalization, some edges and some scenarios may produce relatively large residuals.
An MSE loss would place disproportionate weight on these cases because the error is
squared. MAE is less sensitive to such large deviations and therefore yields a more
balanced training signal across the edited network. This is desirable here because
the main objective is to learn the overall redistribution pattern of post-edit flows
rather than to let a small number of large residuals dominate the optimization.

3.3.2 Equilibrium Flow Conservation
A purely supervised edgewise loss is not sufficient for this task. Two predicted
flow vectors may have similar regression error while implying very different network
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states. In particular, an edgewise prediction may fit the target approximately but
still violate nodal mass balance or remain inconsistent with the stationary structure
of the edited network. This issue is especially important under network reconfig-
uration, where the prediction is intended to represent a redistributed flow pattern
rather than an arbitrary perturbation of edge values.

To encode this structure, the model introduces an equilibrium-oriented regulariza-
tion based on the balance residual on the reconfigured graph. Let f ∈ R|E′| be a
real-valued flow vector on G′. Let dv denote the node-level net-demand proxy inher-
ited from the pre-edit stationary state. In this thesis, dv is defined as the difference
between total incoming and total outgoing flow at node v in the pre-edit network.
The balance residual at node v is then defined as

ρv(f) =
∑

e∈InG′ (v)
fe −

∑
e∈OutG′ (v)

fe − dv. (3.28)

Equivalently, in matrix form,

ρ(f) = B′f − d, (3.29)

where B′ is the directed node–edge incidence operator of the reconfigured network.
Since the surrogate model is trained without an explicit OD matrix, the vector d
serves as an inherited nodal balance signal extracted from the pre-edit stationary
flow state.

Let f̂new denote the final real-valued predicted flow. The corresponding terminal
imbalance, or terminal pressure, at node v is ρv(f̂new). The terminal equilibrium
regularization is defined as

Lcon = 1
|V |

∑
v∈V

ρv(f̂new)
σf

2

, (3.30)

where σf is the global flow scale used for normalization. This term acts as a soft
equilibrium regularizer. It does not enforce an exact Wardrop user equilibrium.
Instead, it penalizes terminal nodal imbalance and encourages the final prediction
to remain closer to a stationary flow state consistent with the traffic assignment
solver.

The full training objective is therefore written as

L = Lsup + λconLcon, (3.31)

where Lsup is the supervised regression loss defined in the previous subsection, and
λcon controls the strength of the equilibrium regularization. The resulting objective
is structure-aware because the regularization term is defined through the directed
network balance operator rather than through pointwise edge errors alone. This
keeps the learning objective aligned with the physical and assignment-based inter-
pretation of the surrogate model.
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3.4 Well-Posedness of the OD-Free Flow-to-Flow
Problem

This section clarifies the mathematical status of the OD-free flow-to-flow prediction
problem. This task should not be interpreted as a deterministic inverse problem
that recovers the hidden OD demand. Instead, it is a statistical prediction problem
in which the target is a conditional flow given the observable pre-edit state and the
reconfigured graph.

3.4.1 Observable Inputs and Latent Demand
The prediction problem in this thesis is built from a paired traffic-assignment pro-
cess. G = (V,E,A) denotes the pre-edit graph, and G′ = (V,E ′, A′) denotes the
reconfigured graph. The node set V is kept fixed in the data. The directed edge set
may change from E to E ′. The edge attributes A and A′ include quantities such as
capacity, speed, and free-flow travel time.

Let Q denote the latent OD demand matrix. The same demand is used before and
after network reconfiguration, but it is not given to the learning model. If Φ denotes
the traffic assignment operator, the generated equilibrium flows are

f old = Φ(G,Q), fnew = Φ(G′, Q). (3.32)

The OD demand Q is used only inside the SUE solver to generate labels. At pre-
diction time, the observable input is

X = (G,G′, f old), (3.33)

and the target is
Y = fnew. (3.34)

Thus, the model predicts post-edit equilibrium flows on the edge set E ′. The output
dimension is determined by the reconfigured graph. This is important because G′

may contain added edges, removed edges, and changed edge attributes.

3.4.2 Non-Uniqueness of the Flow-to-Flow Map
A deterministic inverse formulation would require a single-valued map T that recov-
ers the post-edit flow from the observable input. In this setting, such a map would
have to satisfy

T
(
G,G′,Φ(G,Q)

)
= Φ(G′, Q) (3.35)

for every feasible latent demand matrix Q.

This requirement fails if two different OD demand matrices lead to the same old
flows but different new flows. Suppose there exist Q1 ̸= Q2 such that

Φ(G,Q1) = Φ(G,Q2), (3.36)
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while
Φ(G′, Q1) ̸= Φ(G′, Q2). (3.37)

Then the same observable input X corresponds to two different valid outputs Y .

In fact, link flows do not generally identify OD demand. The issue has the same
origin as the underdetermination in classical OD estimation from link counts. In the
Sioux Falls and EMA settings, the OD demand matrix has many degrees of freedom.
The observed old flows provide aggregate edge-level information, but they do not
fully reveal hidden route demand. Even when G and f old are known, multiple latent
demand patterns may remain compatible with the same observed traffic state.

The conclusion is not that labels do not exist. In the generated dataset, each sample
has a post-edit label after the SUE solver computes fnew. The failure is uniqueness.
Since uniqueness is one of the Hadamard requirements for well-posedness, the failure
of uniqueness implies that the OD-free flow-to-flow problem is not well posed as a
deterministic inverse problem [30].

3.4.3 Statistical Formulation
The learning task can still be defined strictly as a statistical prediction problem.
Let (G,G′, Q) be drawn from the data-generating distribution used in this thesis.
Then (X, Y ) are jointly distributed random variables, where X = (G,G′, f old) and
Y = fnew.

Under squared loss, define the population risk as

R2(g) = E
[
∥Y − g(X)∥2

2,E′

]
, (3.38)

where
∥z∥2

2,E′ =
∑

e∈E′
z2

e . (3.39)

The edge set E ′ is part of X. The norm is therefore evaluated on the edge set of
the current reconfigured graph.

The population-optimal predictor under squared loss is the conditional expectation

g⋆
2(X) = E[Y | X]. (3.40)

To see this, consider any measurable predictor g and define

ξ = Y − g⋆
2(X), ζ = g⋆

2(X) − g(X). (3.41)

Then
Y − g(X) = ξ + ζ. (3.42)

Using the squared norm on the edge set E ′ of the current reconfigured graph gives

∥Y − g(X)∥2
2,E′ = ∥ξ + ζ∥2

2,E′ . (3.43)
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Expanding the squared norm,

∥ξ + ζ∥2
2,E′ = ∥ξ∥2

2,E′ + ∥ζ∥2
2,E′ + 2⟨ξ, ζ⟩E′ . (3.44)

Substituting the definitions of ξ and ζ yields

∥Y − g(X)∥2
2,E′ =∥Y − g⋆

2(X)∥2
2,E′ + ∥g⋆

2(X) − g(X)∥2
2,E′

+ 2 ⟨Y − g⋆
2(X), g⋆

2(X) − g(X)⟩E′ .
(3.45)

Taking expectations on both sides gives

R2(g) =E
[
∥Y − g⋆

2(X)∥2
2,E′

]
+ E

[
∥g⋆

2(X) − g(X)∥2
2,E′

]
+ 2E[⟨Y − g⋆

2(X), g⋆
2(X) − g(X)⟩E′ ] .

(3.46)

The cross term is zero. By the tower property,

E[⟨Y − g⋆
2(X), g⋆

2(X) − g(X)⟩E′ ]
= E[E[⟨Y − g⋆

2(X), g⋆
2(X) − g(X)⟩E′ | X]] .

(3.47)

Conditioned on X, both g⋆
2(X) − g(X) and E ′ are fixed. Therefore,

E[⟨Y − g⋆
2(X), g⋆

2(X) − g(X)⟩E′ | X]
= ⟨E[Y − g⋆

2(X) | X] , g⋆
2(X) − g(X)⟩E′ .

(3.48)

Since g⋆
2(X) = E[Y | X],

E[Y − g⋆
2(X) | X] = E[Y | X] − g⋆

2(X) = 0. (3.49)

Hence
R2(g) = R2(g⋆

2) + E
[
∥g(X) − g⋆

2(X)∥2
2,E′

]
. (3.50)

Equivalently,
R2(g) = R2(g⋆

2) + E
[
∥g(X) − g⋆

2(X)∥2
2,E′

]
. (3.51)

This decomposition shows that g⋆
2 is the unique population-optimal predictor in the

L2 sense, up to almost-sure equivalence.

So far, the supervised loss used in the implemented model is of L1 type. Under
an L1 loss, the corresponding population target is a conditional median or another
conditional location functional, not the conditional mean. This does not change
the well-posedness argument. In both cases, the target is a statistical functional of
Y | X, not an exact inverse recovery of Q.

3.4.4 Irreducible Error and Meaning for This Thesis
The minimum squared-loss risk is

R⋆
2 = E

[
∥Y − E[Y | X]∥2

2,E′

]
. (3.52)

Equivalently, this can be written as

R⋆
2 = E [tr (Cov(Y | X))] . (3.53)
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This quantity is zero only when Y is fully determined by X. It is positive when
different latent OD demands remain possible under the same observable input. This
error is not an optimization failure. It is also not only a limitation of model capacity.
It is an information limit caused by the missing OD demand. The old flows provide
strong information about the latent OD state, but they do not fully identify Q.

Therefore, the OD-free flow-to-flow problem should be understood as statistical
prediction under partial information, rather than as deterministic recovery of the
traffic assignment solution from complete demand data.
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4
Implementation

4.1 Training Setup
Our model ST-PINN GatedGCN is trained to predict stationary link flows on the
reconfigured network G′. For each graph-pair sample, the model receives the pre-
edit network G, the reconfigured network G′, and the observed pre-edit flows f old.
The prediction target is the normalized post-edit flow vector fnew on the edge set E ′.
All experiments are implemented with PyTorch Geometric [31]. Figure 4.1 shows
how these graph-pair samples are generated.

Dataset Generation ST-PINN GatedGCN

Base network

G topology

length

Scenario
sampling

OD 
demand Q

capacity

speed

Pre-edit
SUE

G, Q

old flows
f_old

baseline 
traffic state

Network
reconfiguration

add edges

delete 
edges

capacity 
edits

speed 
edits

Post-edit
SUE

G', same Q

label
f_new

target on E'

Graph-pair 
sample

G, G', f_old
(model input)

f_new

OD demand Q is used only for SUE label generation. It is not passed to the model during inference.

G’ topology

Figure 4.1: Dataset generation workflow. For each sampled OD demand Q, f old

is solved on the pre-edit network G by SUE. The network is then reconfigured, and
SUE is solved again on G′ with the same Q to obtain the training label fnew. The
OD demand is used only for label generation and is not part of the model input.

The training objective combines supervised edge-flow regression with a physics-
informed conservation term [18]. The loss used in training is

L = Lsup + λconLcon. (4.1)

Here, Lsup is mean L1 loss on retained and newly added edges. L1 loss is used as the
supervised regression loss because it is less dominated by large edge-level residuals
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than a squared loss. The conservation term is computed on the final real-scale
prediction. The terminal balance residual is

ρ(f̂new) = B′f̂new − d. (4.2)

Here, B′ is the directed incidence operator of G′, f̂new is the predicted real-scale flow
on E ′, and d is the node-level net-demand proxy derived from the pre-edit flow. The
conservation loss is

Lcon = 1
|V |

∑
v∈V

ρ(f̂new)
σf

2

. (4.3)

The division by σf keeps this term on the same numerical scale as the normalized
flow supervised loss.

Figure 4.2 summarizes the implemented forward pass. The detailed modelling
choices are the same as those introduced in Chapter 3.

Model Architecture Diagram

OD-free input

G attributes and f_old

G' attributes

Edge
alignment

old flows

new-edge flag

old/new attrs

aligned z_e

Old-flow
warm start

project f_old
onto E'

initial f(0)

initial residual

Final
prediction

flow 
prediction

on E'

retained added removed

ST-PINN GatedGCN

Recurrent physics-informed
diffusion

repeat K pseudo-time steps

Residual injection
rho(k), f(k)

GatedGCN message 
passing

edge and node states

 global rerouting

Flow and pressure correction
f(k+1) = f(k) + delta f(k)

rho(k+1)=rho_v(k)+in(Deltaf)-
out(Delta f)

Figure 4.2: Implemented ST-PINN GatedGCN architecture. Edge alignment maps
information from G to the new edge set E ′. Retained edges can inherit old-flow
information, while newly added edges are marked because they have no old flow.
The recurrent GatedGCN diffusion then updates the flow state through residual
injection, message passing, and flow correction.

The model uses dh = 128 hidden channels and four pseudo-time diffusion steps.
Each diffusion step uses GatedGCN message passing [17]. Residual connections [32]
are enabled, and dropout with probability 0.1 is applied during training. The global
message channel is enabled and applied at every diffusion step, with four atten-
tion heads following the multi-head attention mechanism. The feed-forward block
uses SwiGLU [33], with dff = round(8dh/3) = 341. RMSNorm is used with pre-
normalization [34]. The model uses an old-flow warm start, recurrent LWR-style
pressure updates, a shared diffusion cell across pseudo-time steps, and physical
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residual injection into both edge and node updates, as specified and detailed in
Chapter 3.

The optimizer is AdamW [35], with base learning rate η = 10−3 and weight decay
10−5. Training runs for 200 epochs with batch size 32. A warmup-stable-decay
schedule [36] is used: the learning rate warms up for 10 epochs, remains stable
for 140 epochs, and then follows a cosine decay for 50 epochs down to a minimum
learning rate of 10−6. Gradients are clipped by global norm with threshold 1.0.
The checkpoint selected for final evaluation is the epoch with the lowest validation
normalized RMSE.

Training Workflow Diagram

Train/val/
test split

train

validation

test

Normalization

normalize
flows

normalize
edge 

attributes

inverse 
transform

for real 
metrics

Loss 
calculation
supervised
MAE L_sup

conservation
loss L_con

L = L_sup
+ lambda 

L_con

Model
selection

validation
RMSE

best 
checkpoint

Evaluation

WMAPE

RMSE

RelCon

edge types

runtime

ST-PINN GatedGCN

retained added removed

Graph-pair 
sample

G, G', f_old
(model input)

f_new

Training set Validation set Test set

AdamW
training

Figure 4.3: Training and evaluation workflow. Graph-pair samples are split into
training, validation, and test sets. Flow values and edge attributes are normalized
before training. The model is optimized with supervised edge-flow loss and conser-
vation loss. The final checkpoint is selected on the validation set and then evaluated
on the test set using WMAPE, RMSE, RelCon, edge-type errors, and runtime.

The main hyperparameters of our model are summarized in Table 4.1.

4.2 Baselines
This section describes the comparison models used to evaluate ST-PINN GatedGCN.
It includes one nonlearning model and three learing-based models. The three learning-
based baselines use the same aligned edge input, so that their differences come from
how they process graph structure. All learned baselines predict normalized link flows
on E ′ and are trained with the same supervised and conservation loss structure. Still,
they do not use the OD matrix during inference.

4.2.1 Old-Flow Baseline
The Old-Flow baseline is a non-parametric baseline. It does not train a model.
In this setting, if a directed edge in the reconfigured graph already existed in the
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Table 4.1: Training hyperparameters of ST-PINN GatedGCN.

Category Hyperparameter/Structure Value
Architecture Hidden dimension dh = 128
Architecture Diffusion steps 4
Architecture Local message passing GatedGCN
Architecture Global message channel Enabled, every step
Architecture Attention heads 4
Architecture Residual connections Enabled
Architecture Dropout 0.1
Architecture Normalization RMSNorm, pre-norm
Architecture FFN SwiGLU, dff = 341
Architecture Old-flow warm start Enabled
Architecture Pressure update LWR
Architecture Shared diffusion cell Enabled
Architecture Physical residual injection Edges and nodes
Optimization Loss function L1
Optimization Optimizer AdamW
Optimization Base learning rate η = 10−3

Optimization Weight decay 10−5

Optimization Batch size 32
Optimization Maximum epochs 200
Optimization Gradient clipping Global norm 1.0
Optimization Scheduler Warmup-stable-decay
Optimization Warmup / stable / decay epochs 10 / 140 / 50
Optimization Decay type Cosine
Optimization Minimum learning rate 10−6

Model selection Selection metric Best validation normalized RMSE

pre-edit graph, its old flow then is copied as the prediction of this edge in the new
graph.

For a retained edge e ∈ E ∩ E ′, the predicted flow is set equal to its pre-edit flow.
For a newly added edge e ∈ E ′ \ E, no old flow is available. The prediction is then
filled with the mean old flow over the retained edges in the same graph sample:

f̂new
e =


f old

e , e ∈ E ∩ E ′,

1
|E ∩ E ′|

∑
a∈E∩E′

f old
a , e ∈ E ′ \ E.

(4.4)

Here, f old
e is the old flow on edge e, and f̂new

e is the predicted flow on the reconfigured
graph. The mean is computed separately for each network-pair sample.

This baseline is not intended to be a strong predictor. It provides a lower reference
for the task. It answers a simple question: how much of the post-edit flow can be
explained by just copying the old traffic flow alone?
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4.2.2 MLP Baseline
The MLP baseline is an edge-wise feed-forward model. It uses only the aligned local
feature ze and does not perform graph message passing. Each edge in G′ is processed
independently by the same multilayer perceptron [37]:

f̂new
e = ϕMLP(ze). (4.5)

This baseline tests how much of the post-edit flow can be inferred from local edge
attributes and pre-edit flow alone. Since it does not exchange information across
nodes or edges, it cannot explicitly propagate non-local effects caused by topology
changes.

4.2.3 Single-Topology GatedGCN Baseline
The Single-Topology GatedGCN baseline performs message passing only on the
reconfigured topology G′. It uses ze as the edge feature for each edge in E ′, while
node features are obtained from a simple node input encoding. GatedGCN layers
then update node states and edge states jointly [17].

After message passing, the model predicts the post-edit link flow directly from the
final edge representation:

f̂new
e = ψedge

(
hedge

e

)
. (4.6)

This baseline is closer to edge-level prediction than the Node-Centric GNN, because
edge states are explicitly updated during message passing. However, it propagates
only on G′. It does not include the recurrent physical correction and diffusion design
used in ST-PINN GatedGCN.

4.2.4 Node-Centric GNN Baseline
The Node-Centric GNN baseline uses node-level message passing. It first encodes
the original network G. During this stage, node states are initialized uniformly, and
edge weights are computed from old edge attributes and old flow. The resulting
node representation summarizes the pre-edit traffic state around each node.

The model then reasons on the reconfigured network G′. It fuses the old-network
node state with a new node input, computes edge weights from ze, and applies graph
convolutional message passing on G′ [15]. The final prediction for an edge e = (u, v)
is decoded from the two endpoint node states and the aligned edge feature:

f̂new
e = ψnode (hnew

u ,hnew
v , ze) , e = (u, v). (4.7)

This baseline can use topological adjacency, but its link-flow prediction is still medi-
ated through node representations. It therefore tests whether node-centric message
passing is sufficient for link-flow redistribution after reconfiguration.
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4.2.5 SUE Solver
The SUE solver is not a learning model. It is the traffic-assignment reference used
to generate ground-truth equilibrium flows and to support the runtime comparison.
For each network state, the solver takes the OD matrix, link capacities, and free-flow
travel times as inputs, and computes equilibrium link flows under stochastic route
choice [5, 7, 6]. The edge travel time follows the BPR form [6]:

te(fe) = t0e

1 + α

(
fe

κe

)β
 , (4.8)

where t0e is the free-flow travel time and ce is capacity. The implementation uses
Markov-Logit network loading to compute stochastic loaded flows under current
travel times. For a given graph G = (V,E,A), OD demand matrix Q, and travel-
time vector t, stochastic network loading is formulated through a Markov-logit route-
choice model, following Markovian stochastic assignment and recursive logit route-
choice models [38]. An outer method-of-successive-averages style update then mixes
the current flow with the newly loaded flow until convergence.

The SUE solver is physically grounded because it solves each reconfigured network
G′ using the OD matrix and congestion-dependent travel times. At the same time,
it must be run separately for each scenario, which makes it computationally heavier
than a trained forward model.

Together, these comparisons form a progression. The Old-Flow baseline tests whether
old flows alone explain the target. The MLP tests local edge-wise supervised learning
without message passing. The Node-Centric GNN tests node-level graph propaga-
tion. The Single-Topology GatedGCN tests edge-aware message passing on G′. The
SUE solver provides the traffic-assignment reference.

4.3 Ablation Study Design
The full ST-PINN GatedGCN combines old-flow information, old-new edge align-
ment, physical residual injection, a global message channel, shared recurrent diffu-
sion cells, and recurrent pressure updates. The ablation study changes one com-
ponent at a time while keeping the main training protocol and dataset split fixed.
The goal is to identify which parts support edge-wise prediction, topology adapta-
tion, and physical consistency. All ablation runs keep the same optimizer, batch
size, number of epochs, hidden dimension, diffusion steps, local GatedGCN back-
bone [17], and dataset split as the full model.

4.3.1 Removal of Old-Flow Information
This ablation removes the direct old-flow signal from the aligned edge input. It sets
the edge-alignment mode to wo_old_flow. For each edge e ∈ E ′, the aligned feature
keeps the matched old edge attributes and the new edge attributes, but replaces f old
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with zero:
zwo flow

e =
[
aold

m(e), 0, anew
e , I(e /∈ E)

]
. (4.9)

In addition, the initial flow mode is changed to zero initialization, and the initial
pressure mode is also set to zero. Old edge attributes and new edge attributes
remain available. Physical residual injection, the recurrent pressure update, the
global message channel, and the shared diffusion cell are kept. This ablation tests
whether old equilibrium flows act as a state anchor for predicting flows after network
reconfiguration.

4.3.2 New-Attribute-Only Input
This ablation sets the edge-alignment mode to new_attr_only. It removes the
aligned old edge attributes, old flow, and new-edge indicator from the edge input.
The edge descriptor keeps only the new-network edge attributes:

znew attr
e = [0, anew

e , 0] . (4.10)

This is not the same as removing all old-state information. The old-flow warm start
remains enabled, and the initial pressure is still computed from the initial projected
flow. Physical residual injection, recurrent pressure update, global message channel,
and shared diffusion cell are also kept. This ablation tests whether direct old-new
edge alignment is needed beyond the warm-start state.

4.3.3 Removal of Physical Residual Injection
This ablation disables direct injection of the pressure residual that is sent to the
latent edge and node states. The conservation loss is not removed. The model is still
trained with the same λcon schedule, and the terminal balance residual ρ(f̂new) is still
penalized as defined above. Old-flow warm start, recurrent pressure update, global
message channel, and shared diffusion cell are also kept. This ablation separates the
effect of adding a physics-informed loss [18] from the effect of feeding the residual
state into the model during diffusion.

4.3.4 Removal of Global Message Channel
This ablation disables the global message channel by setting enable_global_attn
= False. All local GatedGCN diffusion steps remain active. Old-flow warm start,
physical residual injection, recurrent pressure update, and shared diffusion cell are
kept.

The purpose is to test whether graph-level communication helps when route changes
are not limited to local neighborhoods. The full model uses a multi-head attention
style global channel [29]; this ablation removes that channel and leaves only local
propagation on G′.
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4.3.5 Unshared Diffusion Cells
The full model reuses the same diffusion cell across pseudo-time steps. This gives the
rollout a recurrent structure: each step applies the same learned update rule to the
current flow and pressure state. The unshared-cell ablation sets share_diffusion_cell
= False, so each diffusion step has separate parameters.

All other mechanisms are kept, including old-flow warm start, old-new edge align-
ment, physical residual injection, the global message channel, and recurrent pressure
update. This ablation tests whether the shared recurrent update is a useful inductive
bias, or whether separate step-specific parameters are preferable.

4.3.6 Removal of Recurrent Pressure Update
This ablation sets pressure_update_mode = fixed_initial. The model still com-
putes the initial pressure from the old-flow warm start, but it does not update this
pressure state after each diffusion step. Edge alignment, physical residual injection,
global message channel, and shared diffusion cell are kept.

The pressure update is motivated by conservation-style traffic-flow dynamics, re-
lated to the LWR view of flow evolution [39]. This ablation tests whether repeated
pressure updates are needed to track redistribution.

These ablations are designed as controlled changes around the same ST-PINN Gat-
edGCN training protocol. They therefore support component-level interpretation in
the Results chapter. The ablation studies are summarized in Table 4.2.

Table 4.2: Ablation variants used to isolate the main components of ST-PINN
GatedGCN.

Variant Modified component Changed setting Purpose
w/o old flow Old-flow state Remove f old, zero initial flow and pressure Test old-flow anchoring
new attributes only Edge alignment Keep only anew in direct edge input Test old-new alignment
w/o physical residual injection Residual injection Disable residual input to edges and nodes Test residual feedback
w/o global message channel Global communication Disable global message channel Test long-range exchange
unshared diffusion cells Diffusion rollout Use separate cells at each step Test recurrent sharing
w/o recurrent pressure update Pressure evolution Keep fixed initial pressure Test recurrent pressure tracking
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Results

5.1 Experimental details

5.1.1 Datasets and Network Reconfiguration Scenarios
The experiments use two directed road networks: Sioux Falls and EMA. Each sample
is formulated as a paired graph problem. The original graph is denoted by G =
(V,E,A), and the reconfigured graph is denoted by G′ = (V,E ′, A′). The node set
is kept fixed within each pair, while the edge set and edge attributes may change.
In the datasets, Sioux Falls contains 24 nodes, 76 original directed edges. EMA
contains 74 nodes, 258 original directed edges.

For each sample, the original graph stores the pre-edit topology, normalized edge
attributes, and the observed old equilibrium flow f old on each edge in E. The edge
attributes are capacity, speed, and length. The reconfigured graph stores the modi-
fied topology and the updated edge attributes on E ′. Reconfiguration includes added
directed edges, edge removals, and attribute changes. Existing selected edges may
have capacity and speed rescaled, while newly added edges are assigned capacity,
speed, and length values.

The reconfiguration process is illustrated in Figures 5.1 and 5.2. These examples
show one test sample from each network. The left picture shows the original network
G, and the right one shows the corresponding reconfigured network G′. Dashed red
links mark removed links, while the colour scale represents edge capacity. The figures
also show that the number of edges in G′ can vary by sample, because edges may
be added and removed during scenario generation.

The prediction target is the post-edit equilibrium flow fnew on every edge of G′.
These labels are produced by the data-generation pipeline using a traffic assignment
solver for stochastic user equilibrium. The OD matrix is used only during this label-
generation step. It is not stored as an input feature and is not used by any model
at inference time.

The old edge flows are used as the observable pre-edit traffic state. They provide
information about previous loading, imbalance, and likely redistribution pressure
after the network change. In particular, a node-level net-demand pressure is derived
from f old on the original graph and is used for the conservation-based evaluation
and physics-informed components.
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Figure 5.1: Example reconfiguration sample for Sioux Falls.

Figure 5.2: Example reconfiguration sample for the EMA network.

For both Sioux Falls and EMA, the processed datasets contain 10000 graph-pair
samples. The split is 6000 training samples, 2000 validation samples, and 2000 test
samples, corresponding to a 60%/20%/20% split. Feature and flow scalers are fitted
on the training split and then applied to the validation and test splits.
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5.1.2 Evaluation Metrics
All models are evaluated on edge-level flow prediction. Let S ⊆ E ′ denote the set of
evaluated edges, f̃e the normalized target flow, ˆ̃fe the normalized prediction, and fe,
f̂e the corresponding real-scale values after inverse normalization. The normalized
RMSE is

RMSEnorm(S) =
√√√√ 1

|S|
∑
e∈S

(
ˆ̃fe − f̃e

)2
. (5.1)

This metric is used for model selection because training is performed in normalized
flow space.

The real-scale RMSE is computed after converting predictions back to physical flow
units:

RMSEreal(S) =
√√√√ 1

|S|
∑
e∈S

(
f̂e − fe

)2
. (5.2)

This reports the absolute error in the original flow scale.

The main scale-aware relative error metric is Weighted Mean Absolute Percentage
Error (WMAPE):

WMAPE(S) =
∑

e∈S |f̂e − fe|
max (∑e∈S |fe|, ϵ)

. (5.3)

WMAPE is preferred over plain MAPE because some true edge flows can be small.
A per-edge percentage error can then become unstable, while WMAPE uses the
aggregate true flow as the denominator. WMAPE is reported for all new-graph
edges, retained edges, and newly added edges. The retained-edge set is Eret =
E ′ ∩E, and the added-edge set is Eadd = E ′ \E. The added-edge metric is reported
separately because these edges have no direct historical flow observation and are
central to the reconfiguration task.

A conservation metric evaluates whether predicted flows satisfy nodal flow conser-
vation on the reconfigured graph. For node v, define

dv =
∑

e∈InG(v)
f old

e −
∑

e∈OutG(v)
f old

e . (5.4)

The residual on G′ is

ρv =
∑

e∈InG′ (v)
f̂e −

∑
e∈OutG′ (v)

f̂e − dv. (5.5)

The Relative Conservation Violation (RelCon) for one graph is

RelCon =
∑

v∈V |ρv|
max (∑v∈V |dv|, ϵ) . (5.6)

The reported value is averaged over test graphs, with the 95th percentile also
recorded.
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Inference efficiency is measured as forward-pass inference time per graph:

Tgraph = Tforward

Ngraphs
. (5.7)

It is reported in milliseconds per graph on the test split.

5.2 Overall Prediction Performance

5.2.1 Performance on Sioux Falls
Table 5.1 reports the Sioux Falls results. On Sioux Falls, our model ST-PINN Gat-
edGCN gives the lowest error on all accuracy metrics. It has the lowest normalized
RMSE, real RMSE, overall WMAPE, old-edge WMAPE, and new-edge WMAPE.
It also has the lowest RelCon value. Among the baselines, the node-centric GNN is
the strongest. Compared with this baseline, our model reduces normalized RMSE
and real RMSE by 33.1%, overall WMAPE by 29.9%, and RelCon by 64.9%. The
improvement is larger on retained edges than on newly added edges. Old-edge
WMAPE falls from 17.60% to 12.07%, a relative reduction of 31.4%. New-edge
WMAPE falls from 23.73% to 18.40%, a relative reduction of 22.5%. This pattern
is expected. Retained edges have aligned old-flow observations, while newly added
edges have no direct historical flow. Their target flows must be inferred from the
reconfigured topology, updated attributes, and the redistribution pressure.

Table 5.1: Overall prediction performance on Sioux Falls.

Model Norm. RMSE Real RMSE WMAPE Old WMAPE New WMAPE RelCon Time (ms)
Old-flow 0.5718 1938.67 54.96% 41.25% 144.01% 4.506 0.0090
MLP 0.419 1419.33 37.12% 29.70% 85.36% 2.146 0.033
Single-topology GatedGCN 0.253 858.30 21.57% 20.45% 28.80% 1.865 0.075
Node-centric GNN 0.220 744.74 18.42% 17.60% 23.73% 1.661 0.094
ST-PINN GatedGCN 0.147 498.18 12.92% 12.07% 18.40% 0.583 0.302

New-edge WMAPE is higher than old-edge WMAPE for every model. This shows
that the added-link part of the task is harder than updating flows on existing links.
The result also explains why local edge features alone are not enough. The MLP
has the largest new-edge error, while the graph models reduce it by exchanging
information through G′. Our model performs best because it combines topology-
aware propagation with the old-flow state and a physical consistency term.

ST-PINN GatedGCN has a RelCon of 0.583, while the strongest baseline has 1.661.
This indicates that our model produces flows that are closer to nodal balance with
respect to the net demand inferred from f old. The price is runtime. ST-PINN Gat-
edGCN takes 0.302 ms per graph, compared with 0.094 ms for the node-centric GNN
and 0.033 ms for the MLP. The added cost comes from topology-aware redistribu-
tion and physics-informed updates, but the absolute inference time remains below
one millisecond per graph, which is a major speed-up compared to the SUE solver.

The convergence curves shown in Figure 5.3 and Figure 5.4 indicate stable learning
with late improvement. ST-PINN GatedGCN reaches its best validation RMSE at
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the final epoch. The node-centric GNN also keeps improving in late training, while
the MLP changes little after early epochs. Figure 5.3 shows that the graph-based
models reduce training loss more strongly than the MLP. ST-PINN GatedGCN con-
tinues to decrease late in training, which is consistent with its best validation point
at the end of the run. Figure 5.4 shows a clear separation between the models.
The MLP stays at the highest validation RMSE, the single-topology GatedGCN
improves over it, the node-centric GNN is the strongest baseline, and ST-PINN
GatedGCN reaches the lowest validation RMSE,and there is no clear sign of overfit-
ting. The validation RMSE of ST-PINN GatedGCN keeps decreasing until the end
of the training epoch.

Figure 5.3: Overall training loss on Sioux Falls.

5.2.2 Performance on EMA Network
Table 5.2 reports the EMA results. The results on EMA network follow the same
ranking as Sioux Falls. ST-PINN GatedGCN has the lowest evaluation matrics. The
advantage of ST-PINN GatedGCN over the strongest baseline is larger on EMA than
on Sioux Falls when measured by WMAPE. Compared with the node-centric GNN,
ST-PINN GatedGCN reduces normalized RMSE and real RMSE by 36.2%, overall
WMAPE by 34.0%, old-edge WMAPE by 34.3%, and new-edge WMAPE by 31.9%.
The RelCon reduction is 31.2%, which is smaller than on Sioux Falls but still the
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Figure 5.4: Overall validation RMSE on Sioux Falls.

best among the compared models. The real RMSE values are larger on EMA than
on Sioux Falls, but the WMAPE values are lower. This is not contradictory. EMA
has larger absolute flow values, so the same relative error can correspond to a larger
error in physical flow units. For this reason, real RMSE is useful within one network,
while WMAPE is more informative when comparing the two networks.

Table 5.2: Overall prediction performance on the EMA network.

Model Norm. RMSE Real RMSE WMAPE Old WMAPE New WMAPE RelCon Time (ms)
Old-flow 0.6930 5596.51 27.20% 20.28% 75.03% 4.132 0.0214
MLP 0.449 3623.18 17.85% 16.57% 26.68% 4.360 0.035
Single-topology GatedGCN 0.313 2524.05 12.33% 11.96% 14.93% 3.385 0.078
Node-centric GNN 0.296 2393.75 11.87% 11.57% 13.93% 3.187 0.095
ST-PINN GatedGCN 0.189 1527.27 7.84% 7.60% 9.49% 2.192 0.312

New-edge prediction remains harder than old-edge prediction. For ST-PINN Gat-
edGCN, old-edge WMAPE is 7.60%, while new-edge WMAPE is 9.49%. The gap is
smaller than on Sioux Falls, but it has the same direction. This supports the same
interpretation: added links require the model to infer new route usage without a
direct old-flow value on the link.

The RelCon values are higher on EMA than on Sioux Falls for all models. This
indicates that nodal consistency is harder to maintain on the larger network. ST-
PINN GatedGCN still gives the lowest RelCon, which suggests that the physical
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constraint remains useful when the number of nodes and edges increases. Runtime
increases a little for our model, from 0.302 ms per graph on Sioux Falls to 0.312 ms
per graph on EMA, indicating advantageous scaling with graph size.

The learning curves in Figure 5.5 and Figure 5.6 show stable training. ST-PINN
GatedGCN reaches its best validation RMSE at epoch 185 and then remains close
to that value. The MLP changes little after early training. The two graph baselines
improve for longer, but their validation RMSE remains above our model. Figure 5.5
shows a larger initial loss range than on Sioux Falls. The graph-based models con-
tinue to reduce training loss after the MLP has mostly flattened. Figure 5.6 shows

Figure 5.5: Overall training loss on the EMA network.

the same ordering as the final test metrics. ST-PINN GatedGCN reaches the lowest
validation RMSE, while the node-centric GNN is the strongest baseline.

5.2.3 Performance by Edge Type
The edge-type analysis separates retained edges from newly added edges. This is
needed because the all-edge average can hide different error mechanisms. Retained
edges have a direct counterpart in G, while newly added edges only appear in G′.
The latter case is a stricter test of whether the model can infer flow redistribution
after reconfiguration.
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Figure 5.6: Overall validation RMSE on the EMA network.

5.2.3.1 Retained-Edge Flow Prediction

Retained edges are easier to predict because f old provides a direct reference. This
reference is not sufficient by itself, since the equilibrium on a retained edge may
still change after links are added, removed, or modified elsewhere in the network.
The results show that topology-aware models benefit from this old-flow information
while still using G′ to account for redistribution.

Table 5.3 reports improvement measures derived from the strongest model to our
model. ST-PINN GatedGCN gives the strongest retained-edge performance on both
networks. The consistent ranking suggests that using the old flow together with
edge-level propagation is useful even when the edge itself is not changed.

Table 5.3: Relative retained-edge improvement of ST-PINN GatedGCN over the
strongest baseline.

Network Strongest baseline RMSE reduction WMAPE reduction WMAPE gap
Sioux Falls Node-centric GNN 34.8% 31.4% 5.53 pp
EMA network Node-centric GNN 37.2% 34.3% 3.97 pp
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Figure 5.7 highlights that the retained-edge gain is similar across the two networks.
The improvement is slightly larger on the EMA network in relative term, although
its absolute flow scale is larger.
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Figure 5.7: Relative retained-edge WMAPE reduction of ST-PINN GatedGCN
over the strongest baseline.

5.2.3.2 Newly Added Edge Flow Prediction

Newly added edges are harder to predict because they have no direct old-flow ob-
servation. Their flows depend on whether they reduce route costs enough to attract
traffic from other paths. Local attributes such as capacity and speed are therefore
not enough. The model must reason over the reconfigured topology and the old
traffic state.

The new-to-retained WMAPE ratio is used to summarize the additional difficulty
of newly added edges:

Rnew/ret = WMAPESnew

WMAPESret
. (5.8)

Table 5.4 shows that ST-PINN GatedGCN reduces new-edge error on both networks.
The reduction is larger on the EMA network. The ratio remains above one in both
cases, so newly added edge prediction is still harder than retained-edge prediction.
This indicates that our model reduces, but does not remove, the main difficulty of
reconfiguration.

Table 5.4: New-edge penalty and relative improvement of ST-PINN GatedGCN.

Network Strongest baseline New-edge WMAPE reduction New-edge gap reduction Rnew/ret

Sioux Falls Node-centric GNN 22.5% 5.33 pp 1.52
EMA network Node-centric GNN 31.9% 4.44 pp 1.25

Figure 5.8 shows that the penalty is higher on Sioux Falls. This suggests that some
added links in the smaller network cause sharper route-choice changes. The EMA
network has a lower ratio, but newly added edges remain the more difficult subset.
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Figure 5.8: New-edge prediction penalty of ST-PINN GatedGCN, measured as
the ratio between new-edge WMAPE and retained-edge WMAPE.

Overall, retained edges are easier because old-flow information is available. Newly
added edges are harder because their flows must be inferred from network-level re-
distribution on G′. ST-PINN GatedGCN gives the most standout edge-type perfor-
mance in the available results, but new-edge prediction remains the main bottleneck.

5.3 Physical Consistency of Predicted Flows
The previous section evaluated the models mainly as a predictor of edge flows.
This section asks a complementary question: Does the predicted post-edit flow field
satisfy the physical law on the reconfigured network. Here, the physical law means
the predicted stationary flow should be close to node-level balance on the edited
graph. This is weaker than verifying a full Wardrop equilibrium, but it is still
essential for interpreting the output as a feasible post-edit traffic state. A model
can obtain a low RMSE or WMAPE while still producing local excesses or deficits
of flow at nodes.

The notation follows the above sections. Let the reconfigured graph be G′ =
(V,E ′, A′), and let f̂new denote the predicted real-scale post-edit flow vector on E ′.
The inherited node-level net-demand proxy is computed from the observed pre-edit
flow f old on the original graph G:

dv =
∑

e∈InG(v)
f old

e −
∑

e∈OutG(v)
f old

e . (5.9)

Given a predicted post-edit flow vector f̂new, the node-level conservation residual on
G′ is

ρv(f̂new) =
∑

e∈InG′ (v)
f̂new

e −
∑

e∈OutG′ (v)
f̂new

e − dv. (5.10)

The reported relative conservation violation is

RelCon =
∑

v∈V |ρv(f̂new)|
max (∑v∈V |dv|, ϵ) . (5.11)
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A smaller RelCon therefore means that the predicted flows are closer to the inflow–
outflow balance. In the following subsections, RelCon is used together with RMSE
and WMAPE to separate edge-wise predictive accuracy from physical consistency.

5.3.1 Flow-Conservation Violation
Table 5.5 shows that ST-PINN GatedGCN has both the lowest prediction error and
the lowest conservation violation on the two networks. On Sioux Falls, the proposed
model reduces RMSE from 744.74 for the strongest baseline to 498.18, and RelCon
from 1.661 to 0.583. This indicates that the model is not only fitting edge flows more
accurately. It also produces a flow field that is more consistent with the node-level
balance implied by f old.

Table 5.5: Prediction accuracy and flow-conservation violation on the test set.
RelCon measures the relative violation of the node-level flow-conservation constraint.

Network Model R2 RMSE WMAPE Old WMAPE New WMAPE RelCon RelCon p95 Time

Sioux Falls Ours 0.973 498.18 12.92% 12.07% 18.40% 0.583 0.975 0.302
Sioux Falls Node-centric GNN 0.939 744.74 18.42% 17.60% 23.73% 1.661 2.825 0.094
Sioux Falls Single-topology GatedGCN 0.918 858.30 21.57% 20.45% 28.80% 1.865 3.063 0.075
Sioux Falls MLP 0.777 1419.33 37.12% 29.70% 85.36% 2.146 3.505 0.033

EMA Ours 0.969 1527.27 7.84% 7.60% 9.49% 2.192 2.883 0.312
EMA Node-centric GNN 0.923 2393.75 11.87% 11.57% 13.93% 3.187 4.149 0.095
EMA Single-topology GatedGCN 0.915 2524.05 12.33% 11.96% 14.93% 3.385 4.451 0.078
EMA MLP 0.824 3623.18 17.85% 16.57% 26.68% 4.360 5.632 0.035

The baseline results show why the conservation metric is needed. The node-centric
GNN has the strongest baseline accuracy, but its RelCon remains much higher than
that of ours. This suggests that it captures a useful edge-flow pattern, but it does
not enforce the same level of feasibility at the node level.

On the EMA network, all models have larger absolute RMSE than on Sioux Falls.
This is expected because the flow scale is larger. RelCon is more useful for comparing
physical consistency across networks, because it normalizes by the inferred net-
demand magnitude. ST-PINN GatedGCN still has the lowest RelCon on EMA,
but the value is higher than on Sioux Falls. The gap suggests that satisfying node
balance is harder on the larger network, where more paths and OD interactions can
contribute to each local residual.

5.3.2 Accuracy-Conservation Trade-Off
Table 5.6 reports the accuracy-conservation trade-off under different values of the
conservation loss weight λcon. The purpose of this comparison is not only to find the
lowest WMAPE. It tests whether conservation regularization can reduce node-level
imbalance while keeping edge-wise prediction accuracy close to its best value. The
conservation loss weight is varied as

λcon ∈ {0, 0.01, 0.05, 0.1, 0.2}. (5.12)

On Sioux Falls, λcon = 0.2 gives the lowest RMSE, the lowest WMAPE, and the
lowest RelCon. This shows that a stronger conservation term does not damage
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edge-wise accuracy on this network. It improves both prediction error and node-
level balance. One probable reason is that Sioux Falls is small, so flow redistribution
caused by topology changes is more concentrated. The conservation term can help
the model avoid locally inconsistent flow assignments. The result for λcon = 0.01 is
worse than the case without conservation regularization. This indicates that a very
small conservation weight does not necessarily improve the solution. It may be too
weak to control imbalance while still changing the training dynamics.

On EMA, the lowest RMSE and WMAPE occur at λcon = 0.01, whereas the lowest
RelCon occurs at λcon = 0.1. This gives a clearer accuracy-conservation trade-
off. As λcon increases from 0 to 0.1, RelCon decreases, but RMSE and WMAPE
increase. When λcon = 0.2, edge-wise accuracy decreases further, and RelCon no
longer improves. This suggests that the larger EMA network is more sensitive to the
strength of the conservation term. With more nodes, edges, and route alternatives,
a strong conservation penalty may push the model toward node-balanced flows that
are not always the most accurate edge-level predictions.

Table 5.6: Accuracy-conservation trade-off under different conservation weights.

Network λcon RMSE WMAPE old WMAPE new WMAPE RelCon RelCon p95
Sioux Falls 0 515.44 13.32% 12.46% 18.88% 0.690 1.109
Sioux Falls 0.01 563.12 14.53% 13.60% 20.59% 0.739 1.215
Sioux Falls 0.05 499.00 12.89% 12.06% 18.27% 0.616 1.010
Sioux Falls 0.1 503.16 13.04% 12.20% 18.47% 0.610 1.010
Sioux Falls 0.2 488.40 12.70% 11.89% 17.97% 0.547 0.941
EMA 0 1538.85 7.83% 7.56% 9.66% 2.434 3.168
EMA 0.01 1513.90 7.71% 7.45% 9.51% 2.352 3.073
EMA 0.05 1590.45 8.13% 7.85% 10.04% 2.216 2.909
EMA 0.1 1598.97 8.23% 7.96% 10.12% 2.160 2.829
EMA 0.2 1666.59 8.50% 8.18% 10.68% 2.319 3.036

Figure 5.9 shows the same pattern in the WMAPE–RelCon plane. The horizontal
axis is RelCon, and the vertical axis is WMAPE, so the preferred region is the
lower-left corner. For Sioux Falls, the points move roughly toward this region as
λcon increases. This means that conservation regularization helps both accuracy
and feasibility in this case. For EMA, the points show a clearer compromise. The
setting λcon = 0.01 gives the best WMAPE, while λcon = 0.1 gives the best RelCon.
This indicates that a single conservation weight is not necessarily optimal across
different network scales.

Overall, the conservation loss does not simply reduce numerical error. It changes
which flow distributions the model prefers. On Sioux Falls, stronger conservation
regularization improves both edge-wise accuracy and physical consistency. On EMA,
a moderate value is needed to reduce imbalance without giving up too much edge-
wise accuracy. The choice of λcon should therefore be interpreted as a choice of
physical constraint strength. If the main goal is edge-flow prediction, the setting
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Figure 5.9: Accuracy-conservation trade-off under different values of λcon.

with lower WMAPE is preferable. If the main goal is a more physically feasible flow
field, the setting with lower RelCon is preferable.

5.3.3 Qualitative Examples of Flow Redistribution
Figure 5.10 gives an edge-level view of the redistribution task. The observed re-
distribution picture shows how the equilibrium flow changes after the network is
reconfigured. The predicted redistribution picture shows the corresponding output
of ST-PINN GatedGCN. The error one shows where the prediction differs most from
the observed change.
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Figure 5.10: Qualitative example of flow redistribution on a Sioux Falls test graph.
The first two pictures compare observed and predicted flow redistribution after re-
configuration, while the third one shows the absolute prediction error. Dashed red
links indicate removed links.

The predicted redistribution follows the main spatial pattern of the observed redis-
tribution. Roads with larger flow changes appear in similar parts of the network,
rather than being placed uniformly across all links. This indicates that the model
has learned more than a global scaling of old flows. It uses the reconfigured topology
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and edge attributes to decide where flow should move after the change.

The removed links create local disruptions, but their effect is not limited to their
endpoints. Traffic can shift to nearby connectors and to alternative corridors farther
away. The qualitative example shows that the predicted pattern captures this non-
local effect in several parts of the graph. This is important for reconfiguration
modelling, because the main difficulty is often route substitution rather than the
flow on an unchanged link.

Overall, ST-PINN GatedGCN gives lower prediction error and lower conservation
violation than the baselines on both networks. The RelCon reduction indicates
that the predicted flows are more consistent with node-level balance. The trade-
off sweep further clarify how the conservation weight controls the balance between
RMSE, WMAPE, and RelCon. The qualitative example shows that the model can
recover the main flow redistribution pattern after a topology change.

5.4 Ablation Studies
The ablation study evaluates which parts of ST-PINN GatedGCN are responsible for
prediction accuracy and physical consistency. Each ablation keeps the same training
setup as the our full model and removes only one mechanism. The comparison is
made on both Sioux Falls and EMA.

5.4.1 Ablation Setup
The full model is compared with six variants. The w/o old flow variant removes the
old-flow warm start and sets the initial pressure to zero. The new attributes only
variant removes old-network attributes from the alignment features, while keeping
the old-flow warm start. The w/o residual injection variant removes the pressure
residual input from edges and nodes. The w/o global message variant removes the
global message channel. The unshared diffusion cells variant replaces the shared
recurrent cell with separate cells for each diffusion step. The w/o recurrent pressure
update variant keeps the initial pressure but does not update the pressure residual
after each diffusion step.

5.4.2 Overall Ablation Results
Table 5.7 reports the test results. The comparison uses RMSE and WMAPE for
edge-wise prediction accuracy, and RelCon for node-level physical consistency.
The removal of old flow gives the largest degradation on Sioux Falls. WMAPE
increases from 12.92% to 18.92%, and RelCon increases from 0.583 to 1.344. Both
old-edge WMAPE and new-edge WMAPE increase, from 12.07% to 18.31% and
from 18.40% to 22.91%, respectively. This shows that the old flow is not just an
additional local feature. It acts as a prior state for the pre-edit traffic condition.
Without it, the model has to infer the flow level from topology and attributes alone.
On EMA, the same ablation is also worse, but the increase is smaller. WMAPE
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Table 5.7: Ablation results of ST-PINN GatedGCN on Sioux Falls and EMA.

Network Variant RMSE WMAPE old WMAPE new WMAPE RelCon Params
Sioux Falls Full model 498.18 12.92% 12.07% 18.40% 0.583 332459
Sioux Falls w/o old flow 744.72 18.92% 18.31% 22.91% 1.344 332459
Sioux Falls new attributes only 496.50 12.84% 12.14% 17.42% 0.540 332459
Sioux Falls w/o residual injection 573.29 14.71% 13.77% 20.87% 0.947 332075
Sioux Falls w/o global message 634.79 16.43% 15.56% 22.10% 0.728 134401
Sioux Falls unshared diffusion cells 539.26 13.89% 12.94% 20.10% 0.642 1326380
Sioux Falls w/o recurrent pressure update 498.98 12.84% 12.04% 18.04% 0.798 332459
EMA Full model 1527.27 7.84% 7.60% 9.49% 2.192 332459
EMA w/o old flow 1837.68 9.72% 9.72% 9.70% 2.274 332459
EMA new attributes only 1796.03 9.20% 8.95% 10.90% 2.203 332459
EMA w/o residual injection 2190.26 10.83% 10.54% 12.83% 2.854 332075
EMA w/o global message 1739.79 8.85% 8.54% 10.99% 2.229 134401
EMA unshared diffusion cells 1596.36 8.14% 7.81% 10.43% 2.209 1326380
EMA w/o recurrent pressure update 2076.22 10.32% 10.00% 12.52% 2.747 332459

rises from 7.84% to 9.72%, and RelCon rises from 2.192 to 2.274. This suggests that
old flow remains useful on the larger network, but the error is less obvious because
there are more alternative paths.

The new attributes only result needs a more careful interpretation. On Sioux Falls,
WMAPE is 12.84%, slightly below the full model value of 12.92%, and RelCon is
also slightly lower. This does not mean that old-network information is useless. In
this ablation, the old-flow warm start is still kept. The result instead suggests that,
on the smaller network, the old-flow state carries more useful information than the
old-attribute part of the alignment feature. EMA behaves differently. WMAPE
increases from 7.84% to 9.20%, and new WMAPE increases from 9.49% to 10.90%.
This indicates that the larger network depends more on old-new attribute alignment.
When only new attributes are used, the model loses part of the before-after contrast
that it can use to interpret capacity and topology changes.

Removing residual injection is one of the clearest tests of the physical component.
On Sioux Falls, RelCon increases from 0.583 to 0.947, while WMAPE increases from
12.92% to 14.71%. On EMA, RelCon increases from 2.192 to 2.854, and WMAPE
increases from 7.84% to 10.83%. The residual signal therefore affects both conser-
vation and edge-flow accuracy. It tells the model whether the current flow estimate
violates local inflow–outflow balance. Without this signal, the model can still regress
edge flows, but it more easily produces node-level imbalance. The increase in new
WMAPE is also clear, from 18.40% to 20.87% on Sioux Falls and from 9.49% to
12.83% on EMA. Added edges have no direct historical flow, so they rely more on
this physical residual information.

Removing the global message channel also hurts prediction accuracy. On Sioux
Falls, WMAPE increases from 12.92% to 16.43%. This is a large change for a single
removal. The global channel helps spread non-local redistribution effects, which are
important when a network edit affects a large share of available routes. On EMA,
WMAPE increases to 8.85%, and new WMAPE increases from 9.49% to 10.99%.
The effect is smaller than on Sioux Falls, but it is still visible, especially for added
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edges. This suggests that EMA still benefits from non-local information.

The unshared diffusion cells variant shows that more parameters do not lead to
better results here. The parameter count increases from 332459 to 1326380, but
WMAPE rises from 12.92% to 13.89% on Sioux Falls and from 7.84% to 8.14% on
EMA. RelCon also does not improve. This supports the use of a shared diffusion
cell. The shared cell makes each diffusion step apply the same update rule, which is
closer to an iterative flow-adjustment process in the reality. Unshared cells increase
the ability to capture the features, but they weaken the recurrent consistency. The
full model therefore benefits from a more suitable update structure rather than from
a larger parameter setup.

The w/o recurrent pressure update variant separates edge-wise accuracy from phys-
ical consistency on Sioux Falls. Its WMAPE is 12.84%, slightly lower than the full
model value, but RelCon increases from 0.583 to 0.798. Thus, the model can predict
similar edge flows while producing less balanced node-level flow fields. On EMA, the
same ablation is much worse on both dimensions. WMAPE increases from 7.84% to
10.32%, and RelCon increases from 2.192 to 2.747. This indicates that recomput-
ing the residual after each diffusion step is more important on the larger network.
EMA has longer-range redistribution patterns, and a fixed initial pressure does not
describe how imbalance changes as flow is updated.

5.4.3 Impact on Prediction Accuracy and Physical Consis-
tency

To compare the impact of each ablation experiment with our full model, the changes
in WMAPE and RelCon are defined as

∆WMAPE = WMAPEabl − WMAPEfull, (5.13)

and
∆RelCon = RelConabl − RelConfull. (5.14)

For WMAPE, the reported changes are expressed in percentage points. Positive
values mean that the ablation is worse than the full model. Negative values mean
that the metric is lower than the full model.

Figure 5.11 summarizes the same results as relative changes from the full model. The
WMAPE bars show that old-flow removal is the dominant accuracy loss on Sioux
Falls, with ∆WMAPE = 6.01 percentage points. On EMA, the largest WMAPE
increase comes from removing residual injection, with ∆WMAPE = 2.99 percentage
points, followed by removing the recurrent pressure update, with ∆WMAPE = 2.48
percentage points. These bars show that the two networks fail in different ways
when mechanisms are removed.
The RelCon bars emphasize the physical part of the model. On Sioux Falls, remov-
ing old flow gives the largest RelCon increase, with ∆RelCon = 0.762. Removing
residual injection and recurrent pressure update also increases RelCon by 0.364 and
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Figure 5.11: Ablation impact on WMAPE and RelCon relative to the full ST-
PINN GatedGCN model. Positive values indicate worse performance than the full
model.

0.215, respectively. On EMA, the strongest RelCon increases come from removing
residual injection and removing recurrent pressure update, with ∆RelCon = 0.662
and 0.554. These values show that residual-based updates are more closely tied to
physical consistency on the larger network.

The negative bars are also informative. On Sioux Falls, the new attributes only
variant has ∆WMAPE = −0.07 percentage points and ∆RelCon = −0.043. A
possible explanation is that, on the smaller Sioux Falls network, the old-flow warm
start already provides the dominant pre-edit state information. Adding old edge
attributes may introduce redundant or noisy information, especially when the target
is defined on the edited network. Removing those attributes can make the model
rely more directly on the post-edit attributes and the old-flow state, which is enough
for this smaller graph. The gain is small, so it should be interpreted as a result for
this situation rather than as a general phenomenon that a model with only new
attributes performs better.

Across networks, Sioux Falls is more sensitive to old-flow removal and global message
removal. EMA is more sensitive to residual injection and recurrent pressure update.
This suggests that the main difficulty on the smaller network is preserving continuity
between the pre- and post-reconfiguration states. On the larger network, the main
difficulty is maintaining and propagating the physical residual as flow moves across
more route alternatives. The ablation ranking is therefore not the same on the two
networks.

Overall, the ablation results show that the full model benefits from three kinds of
information: the old-flow state, old-new alignment, and recurrent residual correc-
tion. The old-flow warm start is crucial for preserving the pre-edit traffic state,
especially on Sioux Falls. Residual injection and recurrent pressure updates are
most closely tied to physical consistency, especially on EMA. Shared diffusion cells
improve robustness without increasing the parameter count. These results suggest
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that ST-PINN GatedGCN should be understood as a structured predictor whose
components work together, rather than as a collection of independent additions.

5.5 Failure Cases
The main failure case is prediction on newly added edges. These edges have no
direct old-flow history. Their flows depend on how travelers redistribute on the
new topology. This redistribution is influenced by the latent OD demand, which is
not available to the model. Therefore, the higher new-edge errors are not only an
optimization issue. They reflect missing information in the OD-free setting.

Network reconfiguration can also create non-local effects. A local edge addition
or deletion may change route choices far away from the edited link. This makes
the problem harder than copying old flows or applying a local correction. The
model must infer how changes in G′ affect flow patterns across the network. This is
especially difficult when several route alternatives become available after the edit.

The RelCon results also need careful interpretation. A low WMAPE does not guar-
antee exact physical feasibility. RelCon measures node-level flow-conservation vio-
lation, but it does not test all conditions of a full stochastic user equilibrium. It
predicts a flow field that is regularized by conservation.

The EMA results show that physical consistency can be harder to satisfy on a
larger network. EMA has more links and more possible redistribution patterns
than Sioux Falls. This can increase the difficulty of satisfying node-level balance
while also minimizing edge-flow error. The λcon sweep further shows that accuracy
and conservation can conflict. The conservation weight therefore needs to be tuned
rather than fixed only from intuition.

5.6 Summary
The main result of this chapter is that our model ST-PINN GatedGCN predicts
reconfigured network flows with good accuracy. On Sioux Falls, the model obtains
an RMSE of 498.18, WMAPE of 12.92%, and RelCon of 0.583. On EMA, it obtains
an RMSE of 1527.27, WMAPE of 7.84%, and RelCon of 2.192. The higher RMSE on
EMA does not mean that the relative prediction quality is worse. EMA has a larger
absolute flow scale, so RMSE is not directly comparable across the two networks.
WMAPE gives a more scale-aware comparison.

The edge-type results show that retained edges remain easier than newly added
edges. This is expected because retained edges have old-flow values that act as a
strong state anchor. New edges have no direct old-flow inputs. Their flows must
be inferred from route redistribution after the topology change. This is reflected
by the new-edge penalty, which is 1.524 on Sioux Falls and 1.248 on EMA. The
larger penalty on Sioux Falls suggests that each topology change is more disruptive,
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because fewer alternative routes are available in the smaller network.

The conservation-weight sweep shows that λcon changes the balance between edge-
wise accuracy and node-level feasibility. On Sioux Falls, λcon = 0.2 gives both the
best WMAPE and the lowest RelCon, with WMAPE of 12.70% and RelCon of
0.547. On EMA, the best WMAPE is obtained at λcon = 0.01, while the lowest
RelCon is obtained at λcon = 0.1. The larger network therefore shows a clearer
accuracy-conservation trade-off. The conservation term does not simply improve all
metrics.

The ablation results support the same interpretation. Removing old flow is most
harmful on Sioux Falls: WMAPE increases from 12.92% to 18.92%, and RelCon
increases from 0.583 to 1.344. Removing residual injection hurts both networks,
raising WMAPE from 12.92% to 14.71% on Sioux Falls and from 7.84% to 10.83%
on EMA. Removing the recurrent pressure update is especially harmful on EMA,
where WMAPE increases from 7.84% to 10.32% and RelCon increases from 2.192
to 2.747. The unshared diffusion-cell variant increases the parameter count from
332459 to 1326380, but it does not improve the results. This shows that the gain is
not only due to model size. The useful components are those that preserve the old
flow state, align old and new network information, and iteratively correct physical
residuals.

The computational comparison is summarized using the mean time per graph. The
speed-up is computed as the ratio between the mean SUE solve time and the mean
ST-PINN GatedGCN inference time,

Speed-up = TSUE

TST-PINN
, (5.15)

where TSUE is the mean SUE solve time and TST-PINN is the mean ST-PINN Gat-
edGCN inference time.

Table 5.8: Summary of prediction accuracy, physical consistency, and computa-
tional efficiency.

Network RMSE WMAPE RelCon TST-PINN TSUE Speed-up
Sioux Falls 498.18 12.92% 0.583 0.302 ms 59.42 ms 197×
EMA 1527.27 7.84% 2.192 0.312 ms 591.15 ms 1896×

The SUE runtime benchmark uses 2000 test graphs for each network, with 2000
successful solves in both cases. As shown in Table 5.8, we can see that on Sioux
Falls, the mean SUE time is 59.42 ms per graph. On EMA, the mean SUE time is
591.15 ms per graph. In contrast, ST-PINN GatedGCN takes 0.302 ms per graph
on Sioux Falls and 0.312 ms per graph on EMA. The resulting speed-up is about
197 times on Sioux Falls and about 1896 times on EMA. The speed-up is larger on
EMA because SUE time grows strongly with network size, while the learned forward
pass remains almost unchanged in this experiment.
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The offline training cost of ST-PINN GatedGCN is reported in Table 5.9. The model
was trained for 200 epochs on each network. Training took 26.6 minutes on Sioux
Falls and 33.3 minutes on EMA, corresponding to 7.98 seconds and 9.99 seconds per
epoch, respectively.

Table 5.9: Training time of ST-PINN GatedGCN.

Network Epochs Training time Time per epoch
Sioux Falls 200 26.6 min 7.98 s
EMA 200 33.3 min 9.99 s

Together, the runtime and training-time results indicate that ST-PINN GatedGCN
has a fast offline training cost and a very small online inference cost. This makes it
useful for quickly screening many candidate network reconfiguration scenarios.

Overall, the results support ST-PINN GatedGCN as a fast and physically informed
surrogate for OD-free flow prediction under network reconfiguration. The main re-
maining limitations are added-edge prediction and the choice of λcon, since new edges
require true redistribution reasoning and conservation tuning affects the balance be-
tween WMAPE and RelCon.

52



6
Discussion

6.1 Main Findings

6.1.1 RQ1: Methodological Gap
The main methodological gap is the full setting studied in this thesis. Classical traffic
assignment can compute equilibrium flows on a given network. It usually requires
an OD demand matrix and must be solved again for each reconfigured network. OD
estimation addresses the missing-demand problem, but it always requires a fixed
networks. Many graph surrogates for traffic assignment still use OD demand as
an input. Physics-informed graph learning provides useful modelling ideas, but it
does not directly define an OD-free reconfiguration predictor. This gap motivates the
formulation used in this thesis. The aim of this thesis is to estimate how equilibrium
flows redistribute from G to G′ when f old is observed but Q is hidden.

6.1.2 RQ2: OD-Free Flow-to-Flow Formulation
The OD-free reconfiguration problem can be formulated as a flow-to-flow learning
problem. The observable input is

X = (G,G′, f old),

and the target is
Y = fnew.

The learning problem is therefore to learn a statistical mapping from the observed
old flow and the graph change to the post-edit flow on E ′.

This formulation is important because the OD-free problem is not a deterministic
inverse problem in general. Different OD matrices may produce similar f old on G,
but different fnew on G′. The model should therefore be interpreted as a predictor
under partial information.

6.1.3 RQ3: Predictive Performance
Our model ST-PINN GatedGCN predicts post-edit flows more accurately than the
learning-based baselines. It achieves the best WMAPE and RMSE on both Sioux
Falls and EMA. The WMAPE is 12.92% on Sioux Falls and 7.84% on EMA.
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This result matters because the model is not only performing independent edge
regression. It uses edge alignment to transfer old-flow information from E to E ′.
It then uses GatedGCN pseudo-time diffusion to propagate information over the
reconfigured graph. The physical residual terms and conservation loss guide the
prediction toward node-level balance.

The results support the use of ST-PINN GatedGCN as a fast surrogate. The propose
of designing this model is not to replaces the SUE. The model does not solve a full
traffic assignment problem during inference. It approximates the SUE labels learned
from the training distribution.

6.1.4 RQ4: Error and Physical Consistency
Prediction error and physical consistency vary with edge type, network scale, and
model components. Retained edges are easier to predict because they have old-flow
history. Newly added edges are harder because they have no direct value in f old.
Their flows depend more strongly on latent route choice and the hidden OD demand
Q.

The two benchmark networks also behave differently. EMA has lower relative flow
error, but its RelCon is higher than Sioux Falls. This suggests that larger networks
can still be harder in terms of node-level physical consistency. The λcon sweep also
shows that accuracy and conservation are linked. In some cases they support each
other. In other cases a stronger conservation penalty can increase edge-flow error.

These results mean that ST-PINN GatedGCN should be judged by both prediction
accuracy and physical consistency. WMAPE and RMSE describe edge-flow error.
RelCon describes node-level balance. The limitation is that RelCon does not verify
full Wardrop or stochastic user equilibrium conditions.

6.2 Implications
The first implication concerns computational use. A SUE solver must be run again
for each reconfigured graph. A trained graph surrogate only requires a forward pass.
In the experiments, ST-PINN GatedGCN was about 197 times faster than SUE on
Sioux Falls and about 1896 times faster on EMA. This makes the model better
suited to rapid what-if screening than to replace high-precision assignment.

The second implication concerns physical consistency. The physics-informed terms
do not make the model a full traffic assignment solver. They provide a regularizing
signal that constraint the flow fields to physical space. This matters because low
WMAPE or RMSE alone does not ensure that predicted flows form a feasible traffic
state. Prediction accuracy and RelCon should therefore be interpreted together.

The third implication follows from the well-posedness analysis. The OD-free task
is generally not a deterministic inverse recovery problem because Q is hidden. The
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same observable input may be derived from more than one latent demand pattern.
Statistical prediction remains well defined. The model should therefore be under-
stood as learning E[fnew | G,G′, f old], or the corresponding conditional location
functional under the training loss, rather than recovering the true OD demand.

6.3 Limitations
The main limitation is also part of the problem setting. OD demand is not observed.
This creates irreducible uncertainty. Different latent matrices Q can produce similar
old flows on G, but different post-reconfiguration flows on G′. No model can remove
this uncertainty without extra information.

A second limitation is the topology setting within each benchmark. For a given
network, the pre-edit graph G share the same base topology across samples. Edge
attributes, flows, and reconfigurations vary, but the original network itself is fixed.
This focuses the experiments on network reconfiguration. It also limits conclusions
about topology-independent generalization.

A third limitation is that physical consistency is only partially measured. RelCon
evaluates node-level flow-conservation violation. It does not cover all conditions
of a full equilibrium assignment. The model does not explicitly solve route choice
equilibrium at inference time.

6.4 Future Work
Future work should place more emphasis on uncertainty estimation. The OD-free
setting contains conditional uncertainty because Q is hidden. It would therefore be
useful to predict intervals or distributions for fnew, rather than only point estimates.
Another option is to allow the model access to partial OD information, which might
be available in realistic settings

A second direction is broader topology generalization. Future datasets should in-
clude more base networks and more diverse reconfiguration policies. This would
allow a clearer test of whether the learned mapping transfers across network lay-
outs, rather than only across scenarios generated from the same base graph.

A third direction is real-world validation. The method should be tested on ob-
served traffic counts before and after real interventions. This would require careful
treatment of temporal variation, demand changes, and measurement noise.

A fourth direction is stronger sensitivity testing. The model should be evaluated
under larger topology edits, different capacity changes, different speed changes, and
shifted demand distributions. This would clarify when the surrogate can be useful
and when a full assignment solve is needed.
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A final direction is to study downstream tasks. One example is the identification of
Braessian edges. These are edges whose removal can improve equilibrium network
performance, in the sense associated with Braess’ paradox [40].
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