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ABSTRACT

Assessing and mitigating risks in future power grids requires comprehensive analysis of their dynamic behaviour. Probabilistic
stability analyses, which evaluate large ensembles of disturbances, are well-suited for this purpose and became mandatory for
many grid operators. However, the computational costs of simulations impose strict limits on the number of configurations that can
be evaluated. This study demonstrates how machine learning (ML) can address this challenge by enabling efficient prioritization of
scenarios for detailed analysis in probabilistic dynamic stability assessments. We apply fault-ride-through probability—a practical
metric measuring the likelihood of all grid components remaining within operational bounds after a fault—to show how ML can
bridge the gap to real-world applications. A new dataset comprising thousands of dynamic simulations of synthetic power grids
is generated to train ML models. Results reveal that ML models not only accurately predict fault-ride-through probabilities but
also effectively rank the criticality of buses, identifying components most likely to destabilize the system and requiring further
analysis. Importantly, the models generalize well to the IEEE-96 Test System, underscoring their robustness and scalability. This
work highlights the transformative potential of ML in enabling efficient, scalable probabilistic stability studies, paving the way for
integration into contingency screening for real-world grid operations.

1 | Introduction performed via computationally intensive non-linear simulations.

Non-linear stability analyses are particularly pertinent due to

The transition towards renewable energy sources (RESs) intro-
duces significant challenges to power grid stability, particularly
in future grids that aim for nearly 100% RES integration. These
power grids face reduced inertia [1], decentralized [2], volatile
[3] production and decreased short-circuit levels [4]. As a result,
understanding and analysing the dynamic behaviour of such sys-
tems is crucial. Since RESs are predominantly integrated through
power electronic inverters, the role of grid-forming inverters,
which stabilize power grids without relying on conventional
generation, has become increasingly important [5].

Ensuring stable grid operation, especially under these conditions,
requires comprehensive dynamic stability assessments, typically

the inherent non-linear nature of power grids [6]. Probabilistic
stability analyses, which evaluate large ensembles of disturbances
using Monte Carlo simulations, have recently been mandated
by the European Network of Transmission System Operators for
Electricity (ENTSO-E) [7, 8]. However, the computational burden
of these simulations is substantial. The vast number of possi-
ble configurations and scenarios makes exhaustive simulation-
based analysis impractical, increasing the risk of overlooking
critical scenarios.

To address the challenges of resource-intensive simulations,
machine learning (ML) offers a promising approach. A com-
prehensive literature review demonstrates that ML has achieved
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significant success across a range of power system applications
[9, 10]. While recent studies have applied ML to assess the
reliability of medium-voltage grids [11], these methods often
overlook system dynamics. Probabilistic static assessments are
well established [12] and remain an active area of research, with
ML techniques increasingly used to predict probabilistic stability,
for example, voltage stability [13]. In dynamic contexts, ML has
been employed to forecast individual transients [14-16], aiming
to reduce reliance on costly simulations. Additionally, there is
growing interest in analysing the dynamic stability of inverter-
dominated power grids [17, 18] and in leveraging ML for dynamic
behaviour prediction [19].

Despite these advances, the literature review reveals that no
existing study has applied ML to predict probabilistic dynamic
stability in realistic, inverter-dominated power grids using opera-
tionally relevant metrics. This work addresses this gap by directly
predicting the outcomes of full probabilistic stability assess-
ments, thereby contributing to the critical challenge of enabling
probabilistic stability evaluations required by grid operators.

Recent studies have demonstrated the feasibility of predicting
probabilistic dynamic stability measures in physical oscillator
networks [20, 21]. While these works provide valuable insights,
they should only be used as inspiration because they fall short
of addressing the complexities of real-world power grids. They
lack accurate representations of realistic power grid dynamics,
for example, neglecting voltage dynamics, and fail to incorporate
stability metrics directly relevant to practical applications, such
as those mandated by grid operators. Moreover, these models do
not explicitly account for inverter-based generation, which is a
defining feature of RES-dominated systems and plays a pivotal
role in their dynamic behaviour. By addressing these gaps, our
study directly tackles the challenges of modern power grids,
making it highly relevant for advancing probabilistic stability
analyses in real-world applications.

Building on the methodological foundations of [20, 21], this
study pioneers the application of ML to predict fault-ride-through
capabilities, an essential dynamic stability metric, relevant for
assessing the dynamic stability in inverter-dominated power
grids. To measure the fault-ride-through capabilities, the concept
of survivability [22] is applied, which uses Monte Carlo simula-
tions to estimate the probability that a system remains within
operational limits following a disturbance. This approach has
been effectively used in previous studies [23, 24], such as assessing
fault-ride-through probabilities in active distribution grids [25].

The proposed ML framework aims to identify scenarios and
components most likely to cause dynamic stability issues, thereby
supporting targeted analyses and serving as a contingency
screening tool for grid operators. To the best of the authors’
knowledge, this is the first study to leverage ML techniques
for predicting probabilistic dynamic stability in realistic grid
environments using metrics directly aligned with operational
decision-making. By addressing practical challenges, this work
marks a significant step toward translating conceptual research
into actionable solutions for modern power systems.

Graph neural networks (GNNs) are widely used for power
grid assessments due to their ability to model relational and

topological information [26-29]. In this study, Dirac-Bianconi
graph neural networks (DBGNNSs) [30] are employed as a novel
GNN layer capable of capturing complex topological structures—
including long-range dependencies—while incorporating both
node and edge features, which are key aspects for this analysis.
To provide a clearly justified comparison and highlight the
importance of topological information, a simpler baseline is also
evaluated: gradient-boosted trees (GBT), which are known to per-
form well on tabular data and, in this context, use only local bus
features. Results demonstrate that incorporating graph data into
ML models significantly improves prediction accuracy compared
to models relying solely on local bus data. Furthermore, ML
models trained on synthetic grids generalize well to other grid
topologies, such as the IEEE-96 test grid, which was excluded
from the training dataset.

The following sections provide concise summaries of the key
concepts and methodologies, including background on proba-
bilistic stability assessments (Section 2.1) and machine learning
approaches (Section 2.2). The main contributions of this study
are:

1. The creation and open release of a large, realistic dataset
of synthetic power grids, including detailed dynamic sim-
ulation results for fault-ride-through behaviour in inverter-
dominated grids (Section 3 and Section 5.1).

2. The first demonstration that graph-based ML models can
accurately predict non-linear, operationally relevant stability
measures in inverter-dominated power grids, outperforming
strong tabular-data baselines (Section 5.2). This establishes
these methods as strong candidates for accurate contingency
screening.

3. The first demonstration that graph-based ML models can
accurately predict non-linear, operationally relevant stability
measures in inverter-dominated power grids, outperforming
strong tabular-data baselines (Section 5.2). The ML models
effectively rank critical components and prioritize scenarios
for detailed analysis, establishing ML as a powerful tool for
efficient contingency screening in large-scale grid operations.

The results of this study demonstrate the potential of our
approach as a tool for detecting vulnerabilities and screening
potentially critical contingencies within power grids. By provid-
ing a ranked output of components most susceptible to failure,
it supports grid operators, particularly those managing limited
resources, in identifying which configurations require targeted
and detailed analysis.

2 | Theoretical Background
2.1 | Probabilistic Stability Analysis

Analysing power grids under extreme conditions helps to under-
stand the system dynamics and to identify critical components
that may fail. Typically, a binary classifier is used, meaning that a
scenario can either be stable or unstable according to operational
bounds or grid codes. While studying extreme scenarios is
important, exclusively focusing on a few such scenarios can be
limiting [31]. When studying a small set of scenarios, the system
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stability could be overestimated, and detrimental situations could
be overlooked. To avoid this problem, one can study randomly
generated scenarios in a Monte Carlo simulation.

Such studies are so-called probabilistic stability analyses. They
are established for static power flow studies [12] and have recently
been mandated by the European Network of Transmission
System Operators for Electricity (ENTSO-E) [8]. In probabilistic
stability analyses, a large set of faults is randomly selected
to analyse the response of a system. Probabilities of failures,
instead of binary classifiers, can then be associated with different
grid configurations.

Probabilistic approaches are also of increasing interest when
analysing the dynamics [8]. They are especially vital in dynamic
contexts as power systems are complex, non-linear systems [6].
Identifying the most critical scenarios for non-linear systems
is challenging, as a fault with a lower magnitude could lead
to a more detrimental system response. A detailed analysis
of the non-linear dynamics of the studied dataset shows this
effect (Section 5.1). These results clearly underline the need for
probabilistic approaches.

The combination of probabilistic analysis with dynamic simula-
tions requires especially expensive computations, which limited
their applications in the past. The advancing capabilities of
ML-based approaches expand their applicability by enabling a
rapid pre-analysis of numerous scenarios. These methods allow
for ranking scenarios based on their susceptibility to failure,
identifying those requiring more detailed analysis. This work
focuses on the fault-ride-through probability p;,, which has
previously been studied in [25] and will be introduced in the
following sections.

2.1.1 | Fault-Ride-Through Probability

Here, fault-ride-through capabilities refer to the ability of all
power grid components to stay within a ride-through curve
after a fault at a bus has been cleared. They are considered an
essential measure of stability, especially for inverters. Examples
are research projects focusing on the operation of power grids
under 100% inverters [32], guidelines for grid forming behaviour
[33] or installation rules for power generating facilities [34].
Fault-ride-through curves are essential to maintain system and
equipment within operational bounds, preventing grid instability
and hardware damage. Example trajectories with ride-through
curves are illustrated in Figure 3, with details on the ride-through
curves in Section 3.2.

Instead of studying a small set of faults, fault-ride-through statis-
tics are analysed. In the following, we will refer to the grid state
after the occurrence and clearance of a fault as post-clearance
states. The fault-ride-through probability p;, is defined by:

V*
Pin = 5 )

where V* is the number of randomly generated post-clearance
states for which the transients stay within a ride-through curve,

and V, is the total number of investigated states. Hence, a system
that never exceeds a ride-through curve has p;,, = 1.

The fault-ride-through probability is a particular case of the so-
called survivability [22], that has been applied to power grids
successfully in the past [23-25].

In this work, we consider post-clearance states for individual
buses, resulting in a fault-ride-through probability for each
bus. This allows us to predict critical components with a high
probability of failing after fault clearing.

2.2 | Machine Learning

Machine learning (ML) has been widely applied to various power
grid challenges, as reviewed in multiple studies [9, 10, 35].

The choice of ML methods depends on the specific applica-
tion. Conventional approaches, such as gradient-boosted trees
and deep neural networks, are effective in systems with fixed
topologies. In contrast, GNNs are particularly well-suited where
topological properties are essential or when topologies change
frequently. While conventional ML methods focus solely on
nodal (or bus) features, GNNs can incorporate the entire graph
structure. In this work, methods based solely on nodal features
will be referred to as non-graph ML.

GNNs are recognized as the preferred solution for problems that
rely on topological properties, as they consider the entire graph
structure as input. By incorporating the graph via the adjacency
matrix A or similar representations, GNNs can aggregate infor-
mation from the spatial neighbourhood. This capability makes
GNNs particularly useful for power grid-related tasks where
the topology significantly impacts outcomes, such as in cases
of network congestion. Conventional ML methods that do not
account for the topological structure often underperform in such
scenarios. One of the major breakthroughs in GNNs was the
development of the graph convolutional layer (GCN), which is
defined as [36]:

H = 6(AX0), )

where H represents the output, o is the activation function o,
using the input features, © are the learnable parameters, and A
is the normalized and modified version of the adjacency matrix
A. Multiple GCN layers can be applied consecutively to consider
information beyond immediate neighbours, capturing the larger
surroundings of the buses.

The Dirac-Bianconi GNN (DBGNN) layer, introduced in [30], is
a more advanced GNN that simultaneously considers node and
edge features, both of which are present in our dataset. DBGNN
is particularly effective at tasks where long-range interactions
are crucial. For power grids, the importance of such long-
range dependencies was highlighted by [37], making DBGNN an
excellent choice for our analysis. Furthermore, its strength for
prediction tasks on simplified synthetic power grid models have
already been demonstrated in [30]. DBGNNs are discussed in
detail in Section A 4.
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TABLE 1 | The used parameterizations for the grid-forming invert-
ers.

Name Time constants 7p [s] Source

NF1 Low 0.5 Schiffer et al. [39]

NF2 Medium 1.0 Kogler et al. [40]

NF3 High 5.0 Biittner et al. [42]
3 | Dataset Generation

Generally, ML methods require sufficiently large datasets to
achieve accurate predictions. Probabilistic stability analyses,
based on dynamic simulations, of real-sized power grids with
thousands of buses will remain unfeasible in the near future.
The computational cost of these assessments scales at least
quadratically with the number of buses. The quadratic factor is
caused by more expensive computations per fault scenario and
the increasing number of faults that must be analysed.

This complicates the generation of a sufficiently large dataset for
machine learning applications. To tackle this issue, instead of
using single real-sized power grids, we rely on numerous smaller
synthetic ones. Furthermore, by considering numerous smaller
grids, the various topological structures existing in real-sized
power grids are included in the dataset.

The following sections describe the dataset generation process,
including the generation of the ensemble of synthetic power grids
and the dynamic simulations.

3.1 | Synthetic Power Grids

The synthetic power grid framework introduced in [38], depicted
in Figure 1, was used to generate the dataset. The framework
generates power grids based on input parameters such as grid
size and models for power lines and buses. It ensures that all
validation criteria are met before returning a synthetic grid ready
for dynamic simulation.

For the dataset, power grids of different sizes are generated. The
number of buses varies between 70 and 80, which is sufficiently
large to include topological effects but still computationally feasi-
ble.

The energy sources in the power grids comprise 100% RESs, with
50% of the generators connected via grid-forming inverters and
the remaining 50% via grid-following inverters. All grid-forming
inverters are droop-controlled inverters [39] and are modelled
using the so-called normal-form model [40], which has been
validated by measurements performed in a power-hardware-in-
the-loop laboratory [41]. Grid-following inverters and loads are
modelled as PQ-buses.

Three parameter sets for grid-forming inverters, drawn from
the literature [39, 40, 42], are summarized in Table 1. These
parameter sets vary only in the time constants 7}, of the active

Node Models Grid Size

v v

Topology

Line Model

Active Power Set-Points

Reactive Power

!

Full Model
+ Operation Point

!

Validators fulfilled?

no | | yes

Return Grid

Restart Prcoess

FIGURE 1 | Thestructure of the power system generation algorithm
shows the generation based on the chosen input parameters. Before the
algorithm returns the power grid, its behaviour is validated to fulfil the
stability criteria of real power grids.

power low-pass filter in the droop control. Buses with larger
time constants are anticipated to have a greater fault-ride-through
probability, as their faster response increases the likelihood of
remaining within the ride-through curve during the critical first
milliseconds following fault clearance.

Grid-following inverters and loads are modelled as PQ-buses,
while the Pi-model is used to model the transmission lines.

The algorithm introduced in [43] generates the power grid topolo-
gies. The line- and shunt admittances are calculated according
to the standard line parameters for transmission systems with a
voltage of 380 kV published by the German energy agency [44].

For a realistic distribution of active power demand and supply,
the ELMOD-DE dataset [45], a dispatch model for the German
EHV transmission system, is used. Following [46], which builds
on [45], a bimodal distribution for the net power at a bus is
employed. The reactive power is distributed using a voltage
stability objective [47]. The reactive powers at the buses are
adjusted to fulfil the desired voltage magnitudes by solving a load
flow problem.

Before a power grid is analysed further, a small signal stability
analysis is performed to guarantee that the grids are linearly
stable and it is validated that no lines in the grid are overloaded
during normal operation.
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3.2 | Ride-Through Curves

This work will consider ride-through curves for the bus voltages
and frequencies. To enable direct comparisons with prior work
in [25], we use a variant of the medium and high voltage
fault-ride through curves of the German technical connection
rules for inverter based generation. Overvoltage curves follow
[34] and undervoltage curves follow [48]. The frequency ride-
through curve is given by constant symmetric thresholds for the
frequency of [-2, +2] Hz. While we consider post-clearance states
for individual buses, the fault-ride-through curves are always
considered for all buses. This means that the fault-ride-through
probability is a measure that explicitly considers the dynamics of
the entire grid. The ride-through curves are illustrated in Figure 3.

3.3 | Simulation Setup

When generating the dataset and computing the fault-ride-
through probability, there is a compromise between low statistical
and numerical errors and the computational costs. 1000 grids
with 70 to 80 buses are generated. For each network 1000
post-clearance states per bus are analysed.

Explicitly modelling every fault to generate these states requires
a significant additional modelling effort and computational
resources. Instead, so-called Sobol sequences, which are
enhanced quasi Monte-Carlo samples [49] and the ambient
forcing algorithm [42] have been employed.

As a first step, the Sobol sequences, which are quasi-random and
well-distributed points sequences, are used to sample the space
of post-clearance states. The magnitude of the voltage at one of
the buses is sampled in a regime of [0,1] p u.. Furthermore, the
phase angle of the bus is drawn from the regime of [0, +27]). An
additional frequency fault in an interval of [-1, +1] Hz is applied
for grid-forming components. In the second step, the ambient
forcing algorithm [42] is employed as an initialization technique
to ensure all algebraic constraints are fulfilled.

Higher-order implicit differential algebraic equations solvers are
used with low error tolerances to achieve low standard errors of
+0.02 for the probabilistic measures. The total computation cost
for generating the dataset is roughly 50,000 CPU hours. Details
on the software used to generate the dataset can be found in
Appendix A.2. The results of the numerical study can be found
in Section 5.1.

3.4 | IEEE 96-RTS Test System

The IEEE 96-RTS test case [50] was chosen as a test system to
validate if the ML models can generalize to a different power grid
model. The IEEE test system is not used for training and features
a fundamentally different topology, with its own active power set-
points and load distribution. Hence, the performance is evaluated
on a configuration entirely new to the ML models which is a
challenge for accurately predicting its stability.

The IEEE test case has been updated to include converter
interfaced generation, which is not present in the original system.

_> _>

FIGURE 2 | Training setup: The GNN gets the full power grid as
input (bus features, line features, and the topology), whereas the nodal
features are the only input for the non-graph ML methods. In all cases,
the outputs are the nodal fault-ride-through probability (pg,).

All buses that generate power are assumed to be grid-forming
inverters and are therefore modelled by the normal-form. The
parameterization from Table 1 is used as well. Loads are modelled
as PQ-buses.

The line parameters of the system are updated to match the syn-
thetic grids introduced in Section 3.1. The geographical locations
of buses and lines given in the original IEEE test case are kept.

Finally, the probabilistic non-linear stability of the test system is
calculated using the same procedure as for the synthetic grids.

4 | Machine Learning Setup
4.1 | Training Setup

To evaluate the capabilities of ML to predict p;, via nodal
regression, we compare GNNs with non-graph ML predictions
using linear regression (linreg) and GBT. By non-graph ML, we
mean ML methods that do not consider the topology but purely
rely on nodal features. The two general approaches are visualized
in Figure 2. The mean squared error is used and evaluated as a
loss function on all buses except for the slack bus, which in our
model is always stable. The following subsection describes the
preprocessing of the dynamical results for the ML predictions.

4.2 | Feature Preparation

The node type (normal-form, load, slack) is represented using
one-hot encoding, resulting in three binary input variables. All
bus types have standard active and reactive power (P, Q) as nodal
features, and the grid-forming inverters have one additional input
parameter: the time constant 7,. To have the same number of
input parameters for all bus types, 0 is used for 7, for load and
slack buses.

To improve the predictive power of all ML methods, we compute
three additional nodal features based on the surrounding line
properties of each bus k. The three line parameters are the
conductance G,,,, susceptance B,,, and the shunt susceptance
Bjmsn- Computing the sums yields: Gy = 3, Gy, By = X, Bim
and By, = X, Bimsh-

This leads to nine input features in total that are directly used for
GBT and linear regression as the only input and, in the case of the
GNNes, as nodal features.

IET Generation, Transmission & Distribution, 2026
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Further, the input features may be scaled as a common pre-
processing step. Standardization is used in GNNs and linear
regression, whereas no scaling is used for GBT.

4.3 | Performance Metrics

Two measures are used to evaluate the performance of the ML
models. First, the coefficient of determination R* represents the
proportion of the variation of the data explained by the model. A
perfect model would have R? = 1, while a model that predicts the
average of the test distribution achieves R? = 0.

Second, Spearman’s rank correlation coefficient p is employed
to assess whether the model correctly ranks the system com-
ponents in terms of criticality. In many real-world applications,
accurately identifying components most prone to fail is often
more important than predicting the exact numerical values of
stability measures. In this context, ML can serve as a tool for
vulnerability detection.

For power grid applications, the aim is to predict which buses
have the highest potential to destabilize the system. This allows
grid operators that have to rely on limited computational
resources to prioritize which configurations to analyse further.
Combining ML predictions with more detailed simulations of
the most vulnerable scenarios has the potential to improve
grid operation.

5 | Results
5.1 | Numerical Results of Dynamical Simulations

First, the results of individual transients are introduced before
considering multiple scenarios and studying the statistical prop-
erties of the datasets. Examples of individual transients of the
dynamic simulations are shown in Figure 3. The binary classifiers
for stability, given by the fault-ride-through curves introduced
in Section 3.2, are evaluated for each simulation. The two
cases visualize a stable and an unstable transient. The unstable
transient exceeds the voltage ride-through limit.

We further analyse the dynamical behaviour by studying exem-
plary outcomes for three different bus types in Figure 4. Each
fault results in a system-wide mismatch in active AP and reactive
power AQ in the post-clearance states. The figure plots the post-
clearance states in the AP- and AQ-plane. Solid and transparent
markers represent post-clearance states that result in a successful
and unsuccessful fault-ride-through.

Although the power differences are similar, the scenarios often
result in different stability outcomes. The figures illustrate cases
where larger magnitudes of power differences lead to stable
outcomes, whereas more minor differences lead to instabilities.
The behaviour is thus clearly non-linear. This shows that the
outcome of individual fault scenarios is challenging to predict by
solely looking at the magnitude of the fault. Dangerous situations
might be missed when only analysing a small number of severe
faults. This highlights the need for probabilistic stability analyses

TABLE 2 | Results of predicting ps using R? and p in % with
different ML methods.

Model Test R? IEEE R? Test p IEEE p
linreg 62.11 72.02 74.56 81.86
GBT 62.99 72.17 74.81 76.13

DBGNN 96.68 +0.10 89.73 +3.77 98.03 +0.03 92.87 +1.96

to uncover critical components in the grid that may fail in a wide
range of situations.

Finally, we discuss the statistical properties of the dataset. The
histograms of p,; are shown in Figure 5. We see that different time
constants 7, lead to different fault-ride-through behaviours. As
expected, the buses with the highest time constant, NF3, lead to
the highest mean fault-ride-through probability. All histograms
show that the p;, varies vastly for individual buses. Buses with
the same machine parameters can either always successfully ride
through a fault or might never, or anything in between. We clearly
see an impact of the grid topologies on stability, which can not
be explained at the individual component level. Hence, it is not
sufficient to study only individual components; the topological
embedding has to be considered as well.

The IEEE test case is slightly more stable (p;; ~ 0.589) in
comparison to the synthetic power grids (ps,; & 0.522). In general,
such distribution shifts are challenging for the generalization
capabilities of ML approaches because ML models are good at
interpolating but struggle at extrapolating to unseen data. Hence,
predicting the non-linear stability of the IEEE test case can be
seen as a test for the generalization capabilities of the used
ML models.

We see that our simulations feature both a non-linear dependence
on the fault magnitudes and a clear impact of the topology
on the stability outcomes. These results further motivate the
probabilistic approach for determining stability. Because of the
impact of the topology on the stability, we suspect that GNNs will
have an advantage over the non-graph ML methods.

5.2 | ML Performance

The results in Table 2 show that all employed ML methods can
predict p;,; and generalize to the IEEE test case. Importantly, no
statistically solid conclusions can be drawn from a single IEEE
test case as it only consists of 72 buses, respectively, data points.
The IEEE test case should be considered as an illustration of
strong generalization capabilities.

On the synthetic power grids, DBGNN clearly outperforms
non-graph ML (regression and GBT). Figure 6 visualizes the
performance of the DBGNN model. The majority of the predic-
tions are around the diagonal line, indicating a high predictive
performance. Considering the histograms of the labels (true py,),
it can be seen that there are two peaks in the distributions
representing less stable configurations (= 0.2) and more stable
buses (~ 0.9). Both peaks can be predicted correctly, as seen in
the black regions, which indicate many predictions.
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FIGURE 4 |
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The active and reactive power deviations AP and AQ resulting from the faults at three different buses of the IEEE test case, and the
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Importantly, DBGNN not only performs better on the synthetic
datasets, but it also outperforms GBT and linreg on the IEEE test
case. Hence, it generalizes well to an unknown configuration.
The strong performance of DBGNN indicates DBGNN is capable

of recognizing topological patterns that impact p;, as shown
in Section 5.1. DBGNNs are particularly well-suited for mod-
elling power grid dynamics due to their wave-like propagation
mechanism, which naturally captures the physical propagation
of disturbances through the network—unlike conventional dif-
fusive GNN architectures. The parallel update of node and edge
features enables DBGNNSs to model the simultaneous evolution
of bus states and power flows, which is fundamental to power
system dynamics.

In general, the solid performance of all methods shows that ML
can predict the non-linear stability of the IEEE case, even though
its properties are quite different from the synthetic power grids.
In contrast to GNNs, GBTs are known to perform well in sparse-
data scenarios [51], suggesting they may be advantageous when
sufficiently large datasets are unavailable.

6 | Conclusion

Analysing large sets of fault scenarios is required by ENTSO-E
[8] to assess the stability of power grids, but the feasibility of such
approaches has been limited by the high computational cost of
dynamic simulations. This study demonstrates the potential of
ML methods to efficiently predict the outcomes of probabilistic
stability assessments and to prioritize scenarios for more detailed
analysis, with a focus on the fault-ride-through probability (py,,)
in inverter-dominated power grids.
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A novel, large dataset of inverter-based power grids was generated
to train the ML models, capturing the relevance of topological
structures and the non-linear nature of power system stability. All
deployed ML methods were able to predict py,, of the ensembles,
with GNNs that incorporate topological features outperform-
ing non-graph-based approaches. Importantly, the ML models
demonstrated the ability to generalize to a differently structured
IEEE test case was not included in the training set, highlighting
the potential for applying models trained on synthetic data to real-
sized power grids where probabilistic stability assessments are
otherwise infeasible.

Conventional Monte Carlo simulations take approximately 50
CPU hours per grid with 70-80 nodes, while ML predictions
complete in under a second per grid—enabling the exploration
of virtually unlimited configurations at speeds unattainable with
traditional methods. This dramatic speedup makes the automated
analysis of numerous scenarios and identification of critical
components prone to failure feasible for enhancing power grid
operation. The demonstrated ability of ML models to accurately
rank critical components and prioritize scenarios for detailed
analysis provides an efficient framework for vulnerability detec-
tion. By leveraging ML to screen and prioritize the most vulner-
able scenarios, grid operators can allocate expensive simulation
resources where they matter most, enabling comprehensive con-
tingency analysis that would be computationally infeasible with
conventional approaches alone. This targeted approach allows
operators to enhance system resilience by focusing preventive
measures where they are most needed.
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Appendix A
A.1 | Dataand Source Code Availability

To evaluate, validate and extend our work, we provide the code to generate
the datasets and figures, as well as to train the ML models, on GitHub [52]
and Zenodo [53].

A.2 | Details on Generating the Datasets

To generate the datasets, Julia 1.9.1 and the packages PowerDynamics.jl
[54] and NetworkDynamics.jl [55], that heavily rely on DifferentialEqua-
tions.jl [56], were used for solving differential equations.

A3 | Training Details

This section includes more information to reproduce the obtained results.
For the training, Pytorch [57] is used. For the graph handling and graph
convolutional layers, the library PyTorch Geometric [58] is used.

A.3.1 | Hyperparameter Study

ML models and their training are characterized by so-called hyper-
parameters. Hyperparameters are not learnable during the training
but are distinctive for the behaviour, for example, by specifying the
size of the models. Hyperparameter studies are conducted to opti-
mize the performance by varying the number of hidden dimensions,
scaling strategies, learning rates, dropout and model-specific param-
eters. For the hyperparameter study, ray [59] and tune [60] are
used.

A.3.2 | Final Properties of the Model

The DBGNN consists of two layers, each with 30 steps. The hidden
dimension for both nodes and edges is set to 120, with dropout rates
of 0.014877 for nodes and 0.002454 for edges. Skip connections are
applied throughout the network. The model comprises 147,961 learnable
parameters. For training, the ADAM optimizer with a one-cycle learning
rate policy and gradient clipping is utilized.

A.4 | Details on Dirac-Bianconi Graph Neural Networks

This section provides a brief overview of Dirac-Bianconi Graph Neural
Networks (DBGNNs), introduced in [30]. DBGNNs employ a distinctive
architecture where node and edge features are updated in parallel rather
than sequentially. Unlike conventional GNNs that rely on diffusive feature
propagation, DBGNNSs support wave-like propagation dynamics. This
wave-based mechanism naturally circumvents the oversmoothing and
oversquashing problems that plague many GNNs, enabling effective
long-range feature propagation.

A.4.1 | Mathematical Formulation

Let d,, and d, denote the dimensions of node and edge feature spaces,
respectively, so that F,, = R% and F, = R%. The DBGNN updates are
governed by the generalized linear Dirac-Bianconi equations:
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X+ D =X+ W™ Y e(0) + Whxi(D), (A1)
jEN;

et +1) = e;;(t) + W (x;(1) — x;(1)) — Wgeij([),

where the coupling matrices W"¢ € R%*d and W € R%*dn mediate
node-edge interactions, and the mass matrices Wg € Rxdn and WE S

Ré*de regulate self-feedback.

The node update depends on three components: the current node features
x;(t), the aggregated edge features Y, e i ;j(£) mapped to node space
via W"¢, and a self-interaction term governed by W;? Similarly, the edge
update incorporates the current edge features, self-interaction via W¢,
and the node feature difference x;(t) — x;(f) mapped to edge space by
wen.

The four coupling and mass matrices—W", W', W7, and W¢—

B
constitute the learnable parameters of this layer.

A.5 | Regularization Methods for ML

One of the common problems of ML is the tendency of overfitting. By
overfitting, we mean a process during training when the performances
on the training set increase, whereas the validation and test performances
do not increase anymore. To avoid models from simply memorizing the
training data, dropout [61] is a widely used regularization method. The
concept of dropout is applied during training when a pre-defined ratio of
neurons is randomly deactivated.

A.6 | Declaration of Generative AI and Al-Assisted
Technologies in the Writing Process

During the preparation of this work, the authors used ChatGPT, Gram-
marly and llama3 in order to improve the language. After using these
services, the authors reviewed and edited the content as needed and take
full responsibility for the content of the publication.
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