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Abstract
With the ongoing transformation in electricity grids, new com-
ponents such as decentralized generation systems and high-load
electric vehicle charging infrastructures are installed. To foresee
congestion scenarios and lay out flexibility-providing distributed
energy resources, power flow calculations are generally required.
Since power flow calculations are computationally expensive, vari-
ous neural network architectures have been developed in the litera-
ture to infer power flow estimates. In the present paper, we extend
the application of a graph neural network (GNN) architecture ini-
tially developed for power flow approximation to infer minimum
load or generation requirements for congestion mitigation. Eval-
uating different training procedures and models, we find that a
two-step training process using a pre-trained power flow inferring
GNN has a head start in training compared to end-to-end training
of the GNN. The pre-trained model demonstrates robust general-
ization capabilities, effectively inferring optimal power values for
congestion mitigation across grid topologies outside of the training
distribution. Furthermore, as the second training step is not limited
to the task of congestion mitigation, the approach can easily be
adapted to other use cases.
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• Computing methodologies→ Neural networks; •Hardware
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1 Introduction
Electricity grids worldwide are undergoing a substantial transfor-
mation, primarily driven by the declining cost of renewable energy
generation and the implementation of policies promoting renew-
able energy sources’ utilization. These developments are reshaping
power distribution systems and necessitating adaptation to the
inherent variability of weather-dependent power generation. Con-
sequently, distribution grids must evolve to enhance their flexibility
and adaptability to balance supply and demand effectively. The
widespread installation of Electric Vehicle (EV) charging infras-
tructure is introducing new demands and, through bidirectional
charging, facilitates the integration of residential and commercial
entities into flexibility markets. Consequently, conventional radial
distribution networks, characterized by unidirectional power flow
from centralized generation sources to end-users, are transitioning
towards decentralized, bidirectional grids capable of dynamic power
generation, storage, and distribution. To support this transforma-
tion, Distribution System Operators (DSOs) incorporate flexibility-
providing Distributed Energy Resourcess (DERs) and advanced grid
management software. These technologies ensure that grid opera-
tors can manage and balance loads, thereby maintaining stability
and efficiency even with power flows becoming more variable.
For grid operation as well as grid-aware flexibility scheduling, fast
and computationally inexpensive power flow calculations are be-
coming increasingly important. By determining how the power
flows through the grid, the infrastructure utilization, voltage levels,
and other vital parameters can be computed. As a result, congestion
scenarios become predictable, allowing for effective mitigation by
controlling flexibility providers.
One approach for solving power flow calculations is the utiliza-
tion of machine learning techniques [15]. Typically, the results
of a Newton-Rhapson power flow solver are learned by a neural
network, which then infers new power flow results with little com-
putational effort. Recent publications have advanced this approach
to utilize Graph Neural Networks (GNNs) [3, 10, 11]. These graph-
based neural networks have the key advantage of being able to
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learn the fundamental structure of the data and infer power flow
calculations even for electricity grids that are not included in the
training data. In this paper, we propose a novel GNN architecture,
which is not only able to infer power flows, but also the power
required by a DER to mitigate congestion of a power line. This
downstream task is achieved by adding further layers to the Ar-
tificial Neural Network (ANN). It represents a category of tasks
fundamentally reliant on power flow computations, including, but
not limited to, the calculation of the available transfer capability
of a grid, minimization of power loss, and the optimal placement
of DERs, among others [20]. We hypothesize that employing an
existing power flow inferring GNN as a foundation accelerates the
training process for downstream tasks and enhances performance
compared to a single model. By training the models on a diverse set
of electrical grid topologies and realistic loading scenarios, we aim
to improve generalization across multiple grid configurations and
test cases. Although the idea of pre-trained GNN architectures has
been explored in many contexts [12], to the best of our knowledge,
no previously published work has used pre-trained GNNs in the
energy domain. Beyond pre-training, our approach distinguishes
itself from prior research through the utilization of authentic load
profiles and network topologies sourced from the Simbench dataset,
in contrast to relying on synthetic profiles generated based on load
distributions [1, 3, 11]. Moreover, we demonstrate the model’s ca-
pability for cross-grid generalization. To facilitate reproducibility,
all code developed in the present work is available open source on
GitHub 1.
The remainder of the paper is organized as follows: In the next
chapter, we first outline related work on the application of ANNs
and GNNs in power systems. Additionally, we explain how our
presented approach is similar to other methods for power flow
analysis and how it differs from them. In Section 3, we present
the GNN architecture, as well as the test and training datasets. In
Section 4, we provide an evaluation of our experiments under dif-
ferent configurations and datasets. Section 5 discusses the results,
potential shortcomings, and improvements, comparing them with
the existing literature. Section 6 concludes the paper.

2 Related Work
ANNs have been applied to power system problems for more than
30 years [9, 21]. They can be used to solve power flows for specific
electricity grids, for example, by training the neural network on
the diagonal elements of the grid’s matrix representation as input
data [15]. This obviously has the deficit of the training only being
useful for the specific electricity grid, and generalization is limited
to other load scenarios in the same grid. In more recent times, power
system analysis has also been conducted using GNNs [3, 11]. This
variety of neural networks leverages the structural relationships in
the data to understand the underlying properties, therefore being
invariant to permutations [16]. To approximate power flows and
exploit the spatial grid topology, spatial-based Graph Convolutional
Networks (GCNs) are widely used [1, 3, 10].
These GNNs operate by diffusing information across the graph
through a message-passing algorithm. Individual nodes exchange
information with their neighbors over 𝐾 hops throughout multiple

1https://github.com/KIT-IAI/PretrainedPowerflowGNN

iterations (i.e., neural network layers). Given the intuitive nature
of power grids as graphs, in which loads and generators are repre-
sented as nodes and lines are represented as edges, the application
of GNNs to power flow calculations is a self-evident proposition.
Power flow and optimal power flow solvers are often based on iter-
ative optimization algorithms [3], resulting in high computational
costs for large systems. A physics-informed GNN is used in [3]
to estimate grid states accurately. The architecture consisting of
Topology Adaptive Graph Convolutional (TAGConv) [5] layers is
highlighted in [3] as it shows low Mean Square Error (MSE) values
for different amounts of missing sensor data. In a recent publication
by Lin et al. [11], a GNN architecture for the approximation of
power flows is presented. They achieve high speedups of Alternat-
ing Current (AC) powerflow calculations with an accuracy superior
to simple Direct Current (DC) powerflow approximations. Their
large model consists of five layers, a hidden dimension of 512, and
messages are passed for three hops (𝐾 = 3).
The output tensor X′ of the TAGConv operator presented by Du et
al. [5] is described by

X′ =
𝐾∑︁
𝑘=0

(
D−1/2AD−1/2

)𝐾
XW𝐾 . (1)

With the adjacency matrix A and it’s diagonal degree matrix 𝐷𝑖𝑖 =∑
𝑗=0𝐴𝑖 𝑗 , the termD−1/2AD−1/2 denotes the normalized adjacency

matrix Â. The parameter 𝐾 denotes the number of hops that are
taken into consideration in this layer, and W𝐾 denotes the weights
that are multiplied with the input tensor X.
In the literature, machine learning models are often trained in a
two-stage process [8, 18, 23]. In the first training stage, one or more
layers of a neural network are trained to learn certain fundamental
relationships. This is undertaken, for instance, with the help of imi-
tation learning [8]. In imitation learning, an “agent uses instances
of performed actions to learn a policy that solves a given task.”,
see [8] for details.
In a second training stage, the neural network is extended by more
layers without resetting the previously trained layers. The subse-
quent layers are then trained to optimize further or abstract the
previously learned layers. The goal is either to improve the existing
representations or to learn additional relationships that were not
captured before. The network’s first layers reduce the depth of the
problem so that the subsequent layers have to model a less complex
relationship [17]. This concept of first training on broad data that
can later be adapted to a range of downstream tasks is similar to the
definition of foundation models [2]. However, the model presented
in the following chapter is not trained in a self-supervised manner
and contains a comparably low number of trainable parameters. It,
therefore, differs in key aspects from the definition of foundation
models given by Bommasani et al. [2].
When optimizing the schedule of flexibility providing DERs, au-
thors often neglect the grid serving aspect and only minimize costs
or emissions [4]. For instance, Geidl et al. presented the Energy
Hub concept in 2007, describing a multi-energy DER optimized to
be as cost-efficient as possible [6]. In order to incorporate grid con-
straints, algorithms may linearize power flow equations for small
grids to solve them quickly [13, 19]. However, to solve power flows
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for large grids, a numerical Newton-Rhapson power flow solver is
frequently employed [7, 13, 22].

3 Method
This chapter introduces the implemented GNN architectures for
both the pre-trained model and the cold-start model. During pre-
training, a GNNmodel is trained to infer power flow solutions. This
model serves as the foundation and is then extended to approx-
imate the power (positive or negative) necessary for congestion
mitigation.
In Medium Voltage (MV) grids with a significant presence of dis-
tributed generation and large numbers of EVs and heat pumps, line
loads may exceed the permissible limits. The proposed solution
is a flexible DER acting as a load or generator to reduce a line’s
load below a predefined limit. However, due to monetary expenses
linked to the use of the flexibility, the requested change in power
should be as low as possible.

3.1 Training Data
Power Flows. The training data is generated from SimBench [14]

MV grids. The SimBench dataset provides realistic topologies of dif-
ferent grids and includes load and generation profiles at 15-minute
intervals for an entire year. Each time step is treated as an inde-
pendent data point for the models. A Newton-Raphson solver from
Pandapower [22] computes the power flows for each time step to
generate the ground truth data.
We represent the distribution grid as a graph 𝐺 = (𝑁, 𝐸), where
the set of nodes 𝑁 = {1, . . . , 𝑛} represents the buses, and the set
of edges 𝐸 ⊆ 𝑁 × 𝑁 corresponds to power lines. One data point
consists of a graph with the described topological information. The
node feature input tensor includes the active and reactive power
values (𝑃 and 𝑄), while the edge feature tensor consists of the line
conductance (𝐺 = 1/𝑅). The output tensor contains the voltage
magnitude and angle ( |𝑉 |, 𝜃 ) at every node.
To generate sufficient training samples, we apply the load profiles to
the SimBench grids "1-MV-urban", "1-MV-comm", and
"1-MV-rural". These distribution grids represent typical urban,
commercial, and rural medium voltage grids. For each grid, 70.000
power flows are calculated. This includes two whole years of load
profiles, ensuring that the model is trained on a wide range of pos-
sible situations.
To obtain edge features, the line resistances are scaled to the range
from zero to one and inverted. These edge weights represent re-
spective conductances in the electrical grid. An electrical line with
no resistance would result in a weight of one, indicating maximum
conductance and maximum influence on neighboring nodes. Con-
versely, higher resistance leads to lower weights, reducing the line’s
impact on adjacent nodes. This scaling and inversion approach mir-
rors the physical properties of the network.
After preprocessing, the samples of two grids are shuffled to break
any inherent order or patterns that might lead to biased learning.
The randomized data is then split into training and validation sets
with an 70% to 30% ratio, respectively. The test dataset contains
samples from the third grid.

Calculating load or generation required to mitigate congestion. To
mitigate congestion, Algorithm 1 is employed [7]. The algorithm
computes the power required at a particular bus to relieve conges-
tion of a single line so that the utilization is below a specified upper
limit. The result is not necessarily the global optimum. Instead, the
algorithm determines how the isolated action at each bus can solve
the congestion, which is, for example, relevant for non-centralized
DER coordination approaches. This process can take a significant
amount of time, even with high-performance computing.

Algorithm 1 Reduction of the utilization of line 𝑙 , adapted from [7]
1: 𝑔← 𝐺𝑟𝑖𝑑 ; 𝑏 ← 𝐵𝑢𝑠; 𝑙 ← 𝐿𝑖𝑛𝑒; 𝑙𝑖𝑚 ← 𝑈𝑡𝑖𝑙𝐿𝑖𝑚

2: 𝑙𝑢𝑡𝑖𝑙 ←calcPowerFlow(𝑔) {line utilization}
3: 𝑚 ← 1 {modifier}
4: 𝜖 ← 0.1
5: while𝑚 > 𝜖 do
6: 𝑔(𝑏).add(𝑚) {modify DER power}
7: 𝑙

𝑝𝑟𝑒𝑣

𝑢𝑡𝑖𝑙
← 𝑙𝑢𝑡𝑖𝑙

8: 𝑙𝑢𝑡𝑖𝑙 ←calcPowerFlow(𝑔)
9: if abs(𝑙𝑢𝑡𝑖𝑙 - 𝑙𝑖𝑚) > abs(𝑙𝑝𝑟𝑒𝑣

𝑢𝑡𝑖𝑙
- 𝑙𝑖𝑚) then

10: 𝑚 ←𝑚 · −0.5
11: end if
12: end while
13: return 𝑔(𝑏)

Algorithm 1 begins by calculating a power flow without any
modification. However, due to the lack of consideration for grid
constraints, the line utilization of line 𝑙 can exceed design limits. To
solve this shortcoming, the iterative algorithm adjusts the load (𝑚 >

0) and generation (𝑚 < 0) located at bus 𝑏 of a flexibility providing
DER. Minimizing the change in power required to meet the line
utilization limit mitigates the congestion in the most economical
manner possible. Due to the iterative nature of the algorithm and
the power flow calculation in every iteration, the computation is
inherently slow.
The optimal power value calculated by the algorithm is used as
a label for the node where the controllable DER is located. The
input data is in the same form as for the power flow analysis but
includes additional binary features, which identify the node the
DER is placed at and the congested line. The training data only
includes time steps with voltage values in the grid exceeding the
regulatory guidelines because samples without voltage exceedance
and no necessary DER power adjustment could comprise training
effectiveness.
Training data is generated with the iterative algorithm using one
DER location in each grid. For each of the three grid topologies,
70,000 load cases are evaluated. The training and validation datasets
are comprised of two grid topologies, while the testing dataset
contains a third topology. This configuration enables the evaluation
of the models’ capability to generalize.

3.2 Power Flow Model
The core of the proposedmodel comprisesLPF PowerFlowNet [11]
layers. Each layer consists of a two-layer multilayer perceptron
to process the messages passed by the neighboring nodes and a
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Figure 1: GNN Architecture for the pre-trained model for congestion mitigation. The red arrows denote inputs for calculating
the flexibilities power requirements.

TAGConv [5] layer. The first layer has an input dimension of two,
corresponding to the two node features 𝑃 and𝑄 . The output dimen-
sion of this first layer is set to the hidden dimension d. The value of
d determines the dimension of the node representation after each
message-passing step and essentially determines model complexity
and number of learnable parameters. A comprehensive hyperpa-
rameter sweep is conducted to find the optimal configuration. This
involves varying the number of layers LPF , the hidden dimension
d of the node representation vector in the 𝑙-th layer, and the K-hop
number, which defines the depth of neighborhood aggregation. The
results suggest that increasing the complexity of the network al-
lows it to capture more detailed and nuanced patterns in the data,
which is essential for accurately modeling power flow dynamics.
In training, using multiple grid topologies and about 15.000 load
cases with about 1.6 million nodes in total, various hyperparameter
configurations are compared. A final configuration of five layers, a
hidden dimension of 256, and a K-hop of four are chosen.

3.3 Model Architecture for Mitigating
Congestion

To approximate the power needed to mitigate congestion, two main
models with independently optimized hyperparameters are con-
structed. However, one model is pre-trained with power flow data,
and the other model is trained from a cold start. The hidden dimen-
sion is varied between 128 and 512, the number of hops (𝐾 ) is varied
between three and five and the number of layers 𝐿𝐹𝑙𝑒𝑥 is varied
between two and seven. The models are trained with a learning
rate of 𝑙𝑟 = 0.001 using the ADAM optimizer for 100 epochs, which
is more than enough for both models to minimize their respective
losses.

The pre-trained model consists of the power flow model and a
separate GNN, which outputs the approximate optimal power re-
placing the previously described iterative algorithm. After training
the power flow model, its weights stay fixed for the second train-
ing procedure. In addition to the estimated voltage magnitude |𝑉 |
and phase angle 𝜃 , the first of the additional layers receives the
active power 𝑃 , reactive power 𝑄 , and an indicator that specifies
the node with the flexibility as inputs. A visual representation of
this architecture is shown in Figure 1. In contrast, the cold-start
model consists of a single GNN.

4 Evaluation

Test
Grid 0 Grid 1 Grid 2

cold-start 0.67 (0.60 %) 1.18 (0.81 %) 0.92 (0.72 %)
pre-trained 0.02 (0.36 %) 0.01 (0.17 %) 0.01 (0.23 %)

Validation
cold-start 4.01 (1.91 %) 3.84 (1.87 %) 3.64 (1.82 %)
pre-trained 1.22 (0.91 %) 1.09 (0.86 %) 0.78 (0.74 %)

Table 1: MSE in W and Mean Absolute Percentage Error
(MAPE) of different models, inferring the flexibilities power
for a node in a known topology and in a new topology.

The power flow GNN implemented as the first stage of the pre-
trained model contains four layers with a hidden dimension of
𝑑 = 128 and 𝐾 = 4 hops. Tests conducted on the three medium
voltage SimBench grids reveal an average MSE of 2.7 · 10−4 p.u..
After an extensive hyperparameter sweep, a GNN containing four
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Grid 0 Grid 1 Grid 2
pre-trained 4.834 8.574 4.001
perfect input pre-trained 1.738 2.160 0.989

Table 2: Normalized test MSE multiplied by 105 of the pre-
trained model with inputs from the power flow model com-
pared to the results obtained using perfect inputs without an
additional error introduced by the power flow inference.
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Figure 2: Comparison of the training MSE between the pre-
trained models (blue) and cold-start models (orange). Each
training run is conducted on an individual dataset containing
two of the three grid topologies.

PowerFlowNet layers is used as the second stage of the pre-trained
model. With a hidden dimension of 𝑑 = 128 and messages passing
for 𝑘 = 4 hops, the lowest MSE were achieved. For the cold-start
model, a similar architecture with five modified PowerFlowNet
layers, 𝑑 = 128, and 𝑘 = 4 shows the best scores.
The test dataset for evaluating the performance of the models in dif-
ferent scenarios consists of a new grid topology that is not included
in the training dataset. The training procedure is performed three
times for each model, with the training and evaluation datasets
containing two grid topologies and the test dataset containing the
third topology. The MSE always refers to the power of the flexibility
in W, and training is always performed for 100 epochs. The input
data for the pre-trained model is generated using the previously
detailed power flow model, with an added error to the input data.
It is observed that by using perfect input data without the errors
introduced by inferring the power flow, the MSE of the results ob-
tained from the pre-trained model can be improved (see Table 2).
The training procedure for the five-layer cold-start GNN takes about
9:40 minutes on an NVIDIA A100 graphics card, while the second
stage training for the four-layer pre-trained GNN takes about 9:00
minutes. Figure 2 depicts 80 epochs of training for the pre-trained
model (in blue) and the cold-start model (in orange). The pre-trained

model consistently outperforms the cold-start model. However, the
difference between the models and the test cases diminishes pro-
gressively.

5 Discussion
Evaluation of the power flow model reveals a low test MSE of
2.7 · 10−4 p.u.. This error score is comparable to the results pub-
lished by Lin et al. [11]. During the training process, the pre-trained
model initially possesses a knowledge advantage. As more infor-
mation about the electricity grid is available to the pre-trained
GNN, this is to be expected. However, the performance of the pre-
trained model is superior to the cold-start model even after 100
epochs of training. Similarly, the pre-trained model outperforms
the cold-start model in every metric in Table 1. The test datasets
consist of load cases only containing a grid topology that is not
included in the training datasets. Both models can infer the optimal
power the DER needs to provide with good accuracy and are able
to generalize. Using perfect power flow data for the pre-trained
model and not using power flow results inferred by the power flow
model improves the MSE of the pre-trained model by a factor of
approximately 2.8 to 4, depending on the grid. The cold-start model
exhibits a longer training duration compared to the pre-trained
model, mainly due to the cold-start model’s increased architectural
complexity, specifically the inclusion of an additional layer. How-
ever, this training efficiency advantage of the pre-trained model is
diminished when considering the supplementary training of the
power flow model, which takes about 30minutes. The pre-trained
model’s head-start in training partially offsets this effect. For in-
stance, achieving an MSE below 0.5W necessitates approximately
10 training epochs for the pre-trained model, while the cold-start
model requires approximately 50 epochs. Regardless, the present
paper does not quantify the total training effort, as the generalizing
power flow model serves as a foundation for multiple downstream
applications. Even when establishing a precise correlation between
training effort and model performance, its optimization is depen-
dent on the task at hand. By using a GNN, the optimal load for
mitigating a line overload can be approximated around 500 times
faster than by using the iterative Algorithm 1 (≈ 5ms vs. 3 s using
an office PC without inference on a GPU). This is especially rel-
evant for DSOs controlling large amounts of DERs as the cost of
computation is reduced drastically. The pre-trained model offers
vastly improved performance compared to the cold-start model.
The task of optimizing the power needed to mitigate congestion
demonstrates the ability of GNNs to learn optimization tasks re-
lated to power flow calculations. Particularly, the pre-trained model
is able to generalize with good accuracy. This allows the use of the
trained model in grid topologies that are not included in the train-
ing dataset. The fast inference enables fast responses to congestion
scenarios such that DERs are able to provide the needed flexibility
with low latency.

6 Conclusion and Outlook
Many fundamental operationswithin electricity grids involve power
flow analysis using numerical solvers, and efforts are made to infer
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power flows using machine learning techniques. In this paper, we
not only confirm the viability of inferring power flows with GNNs
but also exemplify the potential of augmented use cases. While
GNNs inferring power flows and GNNs optimizing various tasks
exist, the connection of these two domains has not yet been made.
We advance the research in this field by showing that a power flow
inferring GNN can be extended to predict solutions for problems
based on power flows. A head-start of the pre-trained model and
vastly improved performance can be observed during the conducted
training processes, compared to a cold-start model.
The low error scores achieved by the pre-trained model are indica-
tive of its robust generalization and inference capabilities across
grid topologies that were excluded from the training dataset. This
performance suggests themodel’s potential for practical application,
particularly in scenarios requiring a rapid response to congestion
or in environments with limited computational resources. The low
computing requirements for inference suggest the feasibility of a
decentralized calculation of the power to be provided by a flexibil-
ity.
In future studies, reinforcement learning may offer an alternative
approach, as generating extensive training data is a significant
challenge. Reinforcement learning has the potential to accelerate
the training process by enabling models to learn from simulated
interactions rather than relying exclusively on pre-existing data
sets. This eliminates the need for training data that represents the
“ground truth”, making it applicable to problems for which perfect
solutions are unavailable or computationally infeasible, such as
the control of several flexibilities in a grid. Moreover, an extensive
evaluation employing real-world datasets and grid topologies is a
part of future work.
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