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1. Introduction

The proliferation of renewable energy sources
and the electrification of large, energy-intensive
sectors, are driving significant changes in the
structure and complexity of modern power grids.
The variability associated with renewable energy
sources, whose production heavily depends on
the atmospheric conditions, and the exploding
size of power networks, counting a huge number
of potential configurations, prevent traditional
control systems from being effective. To prop-
erly cope with these obstacles, modern power
grids require novel and adaptive control strate-
gies, that are scalable and capable of ensur-
ing real-time responsiveness. In order to in-
vestigate the potential use of Artificial Intel-
ligence (AI) within the next-generation power
grid controllers, the French electricity network
management company RTE (Réseau de Trans-
port d’Electricité) developed a series of "Learn-
ing to Run a Power Network"(L2RPN) chal-
lenges [4]. These challenges, offered over the
Grid20p framework, were designed to simu-
late realistic sequential decision-makings envi-
ronments in which agents must keep the power
grid operational under different conditions of un-
certainty, by employing a wide range of control

actions and interventions. The last challenge
ended in 2023, but the research activity in the
context of next-generation power grid controllers
continued beyond the scope of the challenges.
Current research is pushing two main directions:
implementing distributed multi-agent solutions
to decompose the vast action space, and using
graph-based learning models to incorporate net-
work information into the decision-making pro-
cess. Several Multi-Agent distributed solutions
have been proposed. The architecture design,
that proved to be the most effective, consists
in a network of low-level agents, directly oper-
ating on power grid’s components, coordinated
by a high-level manager responsible for select-
ing which agent should intervene in response to
danger situations. Regarding the use of graph-
based learning modules, no standard framework
has yet emerged as the most effective or widely
adopted by the research community. Many so-
lutions employ Graph Neural Networks (GNNs)
to learn on graph topologies. Most of them
represent the power network as a graph where
nodes identify various types of power grid ele-
ments |2]|. However, such heterogeneous graph
representation exhibits severe limitations in ex-
pressiveness, making it unsuitable for the task.



A complementary line of research explores meth-
ods for decomposing the power grid into smaller,
independent subgrids to be managed separately.
This approach aims to reduce the overall com-
plexity of the control problem and enable the
development of more scalable and modular solu-
tions. Current proposed approaches compute a
static decomposition of the power grid, which is,
instead, inherently a dynamic and evolving sys-
tem, potentially exhibiting non-fixed subgrids
over time. In light of the research trends dis-
cussed above, this thesis aims to go one step fur-
ther. It proposes a distributed Multi-Agent Re-
inforcement Learning (MARL) solution that in-
tegrates a GNN, enabling the decomposition
of both the action and observation spaces.
The proposed framework splits the action space
among several independent agents and leverages
the GNN to generate informative local obser-
vations, entirely addressing the scalability chal-
lenges. A side contribution involves the imple-
mentation of a dynamic and learnable cluster-
ing procedure for substations, aimed at enabling
adaptive decomposition of the power grid based
on observed behaviors.

2. Problem Formulation

The work was conducted over the Grid20p sim-
ulation environment, which is designed to simu-
late realistic power grids for a given period, usu-
ally several days at 5-minutes intervals. At each
timestep, the agent is called to take an action
on the simulator, leading to the next simula-
tor’s state. The power grid is represented as a
graph of connected elements: nodes and edges
represents respectively substations and power-
lines. The simulator also models other elements,
specifically, generators and loads. Generators
produce electricity while loads consume it. Sub-
stations can be viewed as routers within the
power network: they encompass two internal
buses to which their elements (loads, genera-
tors or powerlines) can be connected. Substa-
tions have no other role than controlling their
internal connections affecting the overall flow of
energy. Among the various interventions sup-
ported by the simulator, topology-based actions
are undoubtedly the most interesting and ex-
tensively studied. This is because they have no
operational cost and are highly complex due to
their combinatorial nature, making them partic-

ularly challenging for humans to execute effec-
tively. Consequently, this thesis focuses exclu-
sively on topology-based actions. These actions
allow modifications to the internal connectivity
within substations. Thus, a substation ¢ control-
ling V; elements can perform up to 2Ni actions,
corresponding to all possible configurations of its
elements across the two buses. To ensure system
stability, Grid20p allows only one substation to
be controlled at each time step, as simultaneous
interventions may cause unpredictable interac-
tions and instabilities. The simulation runs for
at most T timesteps, but it ends prematurely in
case of a blackout. A blackout can occur if the
energy demand (loads request) is not satisfied by
the current configuration. The primary cause of
a blackout is known as “line overload”. When
the current flow of a specific powerline exceeds
a threshold, the simulator automatically discon-
nects the powerline. This can potentially lead
to a grid configuration that violates the load re-
quirements. Grid20p offers a large number of
features at each time step to describe the envi-
ronment’s state, more details can be found in the
official Grid20p documentation. The objective
of a control algorithm is to keep the powergrid
stable despite the unknown evolution of energy
production and consumption. The performance
metric, known as “survive time,” corresponds
to the number of time steps the grid remains
operational before a blackout occurs during an
episode. Taking into account the several rules
and features of the simulator, the power grid
control problem can be formalized as a Markov
Decision Process (MDP). Notably, as the size
of the power grid grows, the action space grows
with the number of controllable elements. More-
over, the state representation becomes hard to
be learned effectively due to the expanding grid’s
graph structure and increasing number of com-
plex interconnections. An efficient control algo-
rithm must therefore handle an extremely large
action space while leveraging graph-structured
data to generate informative observations.

3. Proposed Solution

The proposed solution is a Graph-based Multi-
Agent RL algorithm for real-time scalable power
grid control. The method consists of a network
of distributed low-level agents, each controlling
a different powerline, coordinated by a high-
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Figure 1: Overview of the proposed approach.

level manager. FEach low-level agent operates
solely on its associated power line, working on
an action space including only the configurations
of its two extremity substations. Additionally,
each low-level agent receives a local observation
preprocessed by a shared GNN, which provides
information about the neighboring power lines.
A novel representation models the power
grid as a homogeneous graph in which
powerlines are nodes and substations are
edges. To better illustrate how the environ-
ment’s state sy is processed to obtain the ob-
servation of a single agent i, the procedure is
defined by the following equations:

gr = convert _graph(s;) (1)
0y = [GNN(g [ ¢")], , (2)
where [...]; is the i-th element of the input

vector. The proposed procedure decomposes
the action space and the observation space si-
multaneously, enabling a fully scalable solution.
An abstract overview of the method is provided
in Fig. 1. To further improve learning effi-
ciency and stability, the framework incorporates
Deep Q-Learning from Demonstrations (DQfD)
[3] and Bootstrapped potential-based Reward
Shaping (BSRS) [1]. DQfD enables agents to
learn from a dataset of expert demonstrations
in an offline manner, thereby enhancing training
stability and accelerating convergence. BSRS
is employed to implement a sort of credit as-
signment in a scenario in which the global re-
ward is highly diluted. This allows each agent
to learn from a more informative reward sig-
nal, potentially improving convergence in large-
scale power grid environments. Low-level agents
implement BSRS; thus, each low-level agent i

Algorithm 1 Training Procedure

1. {Pre-training phase}
2: All agents learn from expert demonstrations

3: {Online training phase}

4: for each training iteration do

5. Agents interact with the environment and
store new experiences

6:  Low-level agents and the GNN jointly up-

date the policies using BSRS

High-level manager updates its policy

8: end for

Y

learns from the shaped reward:

7=t m Vi (seen) =0 Vi'(se)  (3)

where V*(-) denotes the agent’s estimate of the
state-value function at time n. An overview
about the training procedure is provided in
Alg. 1.

All the agents, low-level and manager, are Deep
Dueling Double Q-Learners (DDDQN) equipped
with a Prioritized Experience Replay Buffer
(PERB). The GNN is a Graph Attention Net-
work v2 (GATv2) and receives as input the line-
graph representing the power grid. As previ-
ously stated, low-level agent ¢ receives as input
the i-th component of the output of the GNN,
thus, the actual target computation for low-level
agent ¢, during the online phase, is:

Y =7+ Q<9t+1,
t gt t ot t— pt—
argmgXQ(gt+17a|¢ 707j7ai7ﬁi) | d) 701' )

ol 8)). (4)

where ¢ represents the learnable parameters of
the GNN and are shared among all the agents
(no subscript i), 0;, a; and S; are the Dueling
Q-network parameters, respectively: the shared
ones, the ones of the advantage stream and the
ones of the value stream. The superscript —*
indicates frozen parameters from the target net-
work. To better illustrates the computational
steps required to produce an action, Alg. 2 out-
lines the flow executed by the architecture when
called to act on the environment.

The expert experiences for DQfD come from an
Expert algorithm that makes informed, domain-
specific decisions by means of a large number



Algorithm 2 G4DQN computational flow
if then
i < Manager.select _agent(s¢|ut)

1:

2

3: gy < convert graph(sy)
4: oy + GNN(g|o")[d]
5.

6

7

ap Agenti.policy_play(ot|0f, af, ﬁf)
return a;

end if

Algorithm 3 High-Level rule-based logic

1: if No line disconnected and no line over-
loaded then

2 }

3: Do nothing

4: else

5:  if There is a disconnected line then
6: {Critical situation}
7: Reconnect the line
8: else

o | }
10: Let the agents play
11:  end if

12: end if

of simulations. On top of the architecture de-
scribed above, a top-level rule-based logic and an
action space reduction technique are employed.
These two components have proven to be essen-
tial for designing competitive power grid con-
trollers, as they are included in most of the win-
ning solutions of the L2RPN challenges [5]. The
former, responsible for determining when the RL
agent should intervene, is well detailed in Alg. 3.
The latter, instead, consists in a single-step sim-
ulation performed at runtime to eliminate un-
safe actions. Before a low-level agent executes
an action, the actions at its disposal are simu-
lated for a single step, and only those that do
not worsen the grid’s stability are retained. Al-
though it increases the model’s inference time,
the action space reduction technique is necessary
to cope with the significant computational time
required to achieve convergence within a single
experiment in the Grid20p simulator.

4. Experimental Results

The experiments were conducted on the
Grid20p simulator, in particular on the

"I2rpn_ casel4 sandbox" environment. The lat-
ter represents a power grid counting 14 substa-

Test Performance Comparison

8000 . RLsystem
Do nothing

== RlLavg: 61144
Do nothing avg: 646.6

7000

6000

4000

Survive time

3000

2000

1000 I
0 1

0 1 2 3 4 5 6 7 8 9
Chronic ID

Figure 2: Proposed model vs Do Nothing.

tions, 20 lines, 6 generators and 11 loads, and
it encompasses 1004 different episodes (also re-
ferred to as chronics). The chronics last for
a maximum of 8064 timesteps. If the agent
survives until the end, the episode terminates
regardless of whether a blackout has occurred.
The proposed algorithm controls each powerline
by means of a dedicated low-level agent, result-
ing in 20 such agents coexisting in the same envi-
ronment. Including the RL manager, the system
consists of 21 agents in total. Each agent main-
tains two neural networks, a main network and
a target one. In addition, the GNN with both
main and target versions is also maintained.
In total, 44 neural networks are simultaneously
loaded on the computing device, with 22 ac-
tively trained and the remaining 22 kept frozen
for target computation. Due to the complex-
ity of the training setup, gradient clipping and
soft main-target synchronization were adopted
to achieve stable learning and effective training.
To properly evaluate the model’s performance,
the 1004 available chronics were divided into 984
for training (98%), 10 for validation (1%), and
10 for testing (1%). The proposed algorithm was
compared against a straightforward yet surpris-
ingly competitive baseline: the Do-Nothing pol-
icy, the same baseline used in L2RPN challenges.
The results over the 10 test chronics are provided
in Fig. 2, which show that the proposed model
outperforms the baseline. For a deeper under-
standing of the model’s components, an abla-
tion study was conducted. The contribution of
the components of the proposed architecture was
analyzed by removing them one at a time and
observing the impact on performance. A sum-
mary of the results is provided in Tab. 1. The
ablation study highlights that components such



Table 1: Ablation study results: average sur-
vival time on validation and test sets. The best
result per column is in bold, the second-best is
underlined. The first raw — Do Nothing — re-
ports the performance of the baseline.

Configuration Val Performance | Test Performance
Do Nothing 997.7 646.6

No DQfD 1985 1877.9

No GNN 1206.4 785.2

No RL Manager (CAPA) 2562.5 —

No Reward Shaping 5667.1 5324.3
Complete System 5452.2 6114.4

Table 2: Inference Time Comparison: Proposed
approach against Expert agent.

Model Inference Time (avg =+ std) [s]
Proposed Model 0.187 4+ 0.145
Expert Agent 2.56 £ 0.223

as DQIfD, the RL manager, and the GNN are es-
sential to achieve competitive performance. In
contrast, the impact of BSRS is less evident in
the current environment. However, it is reason-
able to expect that in larger and more complex
grid topologies, where reward signals may be
highly diluted, BSRS could play a more critical
role in stabilizing and accelerating the learning
process. To analyze the efficiency of the model,
the computational requirements of the proposed
approach were investigated. In general, simulat-
ing a power grid is, by nature, a computationally
intensive task. The plain power grid simulation
takes on average 0.1097 seconds to simulate a
single step. Thus, it takes almost 15 minutes
to simulate all the 8064 timesteps of an episode.
The inference time of the proposed approach is
compared against the one of the Expert agent
used to collect expert demonstrations, and the
results are provided in Tab. 2.

The results presented in this section show that
the proposed approach is a competitive solution,
outperforming the Do-Nothing baseline. More-
over, it proves to be significantly more computa-
tionally efficient than the Expert Agent, demon-
strating both its scalability and effectiveness.
The complete implementation is available at:
https://github.com/Carlo000ml/RL4PG.

5. Power Grid Decomposition

A side contribution was given towards the im-
plementation of a technique for the dynamic de-
composition of a power grid into subgrids. The
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Figure 3: Transformer Autoencoder Architec-
ture. It receives in input a sequence of shape
(30,6), compress it into shape (30,1) and then re-
construct the original sequence of shape (30,6).
It is trained to minimize the Mean Squared Er-
ror (MSE) between the input sequence and the
output one.

goal was to develop an adaptive clustering of
substations, i.e., a clustering that evolves over
time as the topology of the power grid changes.
The procedure begins by modeling each substa-
tion as a time series. Specifically, the buses’ se-
quences of power flow values, observed during
an episode, are used to characterize the substa-
tion’s behavior. This temporal representation
captures how the substation operates over time,
enabling the identification of patterns or simi-
larities across different substations. These time
series are then compressed using a Transformer
Autoencoder, previously trained to reconstruct
them by means of an encoder-decoder structure.
An overview of the Transformer Autoencoder ar-
chitecture is shown in Fig. 3.

The compressed data points are finally clustered
using in parallel Hierarchical Clustering (HC)
and DBSCAN, in order to ensure consistency of
the results. The overall procedure is illustrated
in Fig. 4.

The method was tested on time series gener-
ated by running a random policy over the test
set chronics, which were not used for training
or validating the autoencoder. Both HC and
DBSCAN suggest that, for the majority of the
chronics, two is the optimal number of clus-
ters. Although DBSCAN identified minimally
different clusterings in 4 out of the 10 chron-
ics, the remaining episodes consistently exhib-
ited the same clustering when using either HC
or DBSCAN;, which is shown in Fig. 5.
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Figure 5: Most frequent clustering obtained by
both Hierarchical clustering and DBSCAN.

6. Conclusions

This thesis described a framework for scal-
able real-time power grid control, by employ-
ing GNNs within a MARL architecture. The
proposed algorithm was able to achieve a com-
petitive performance despite decomposition of
both action and observation spaces. Experi-
mental results on the Grid20p simulator con-
firmed the effectiveness of the approach, which
consistently outperformed the Do-Nothing base-
line and proved to be much more computation-
ally efficient than the simulation-based Expert
method. An ablation study further demon-
strated the importance of each architectural
component, particularly the GNN, the RL man-
ager, and the DQfD module.

In spite of its strengths, the proposed approach
still presents some limitations. The RL manager
requires access to a complete global view of the
environment, thus, preventing scalability. To
overcome this limitation, multi-layer architec-
tures represent a promising research direction.
In these architectures, multiple high-level man-
agers control different, independent portions of
the power grid, identified through power grid de-

composition methods.

Additionally, alternative action space reduction
techniques should be explored to get rid of the
simulation step performed at runtime, which in-
evitably affects the inference time. A promis-
ing direction is the N-1 criterion. This criterion
retains only those configurations that ensure re-
dundancy in line connections, where at least two
lines connect a pair of buses. This redundancy
ensures that if one line is disconnected, the other
can still maintain the connection.

Finally, a dataset of expert demonstrations is
not always available, especially in huge power
grids in which expert strategies are unknown.
Therefore, efforts to cope with the slow conver-
gence observed in configurations without DQfD
represents promising research directions. In this
context, GNN-based transfer learning emerges
as an interesting avenue to accelerate training.
This involves using a GNN trained on a smaller
power grid as initialization for a model operating
on a larger grid.
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