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Abstract. The transition toward decentralized and sustainable energy
systems has emphasized the role of Renewable Energy Communities
(RECs) as a promising organizational model that promotes energy self-
sufficiency, reduces dependence on the main grid, and improves both
economic and environmental outcomes for their participants. A central
challenge in RECs is the design of an efficient and fair Energy Man-
agement System (EMS) capable of coordinating the actions of multi-
ple heterogeneous entities while optimizing the overall community-wise
performance. In this work, we present the INcentive Allocation for In-
terest Alignment (INAIA) algorithm, a novel Multi-Agent Reinforce-
ment Learning (MARL) approach for addressing the energy management
problem in RECs, considering a decentralized EMS architecture aligned
with the current Italian regulatory framework. Our approach integrates
mechanism design principles into the MARL algorithm to align individ-
ual participant interests with global community objectives. We conduct
an extensive experimental campaign across tasks of increasing complex-
ity based on real-world data. In a representative scenario, our method
achieves a 17.3% increase in self-consumption compared to the best-
performing baseline. We corroborate such results with ablation studies,
confirming the effectiveness and robustness of the proposed solution.

Keywords: Multi-Agent Reinforcement Learning · Renewable Energy
Communities · Decentralized Energy Management Systems.

1 Introduction

The increasing global demand for energy, coupled with the urgent need to mit-
igate environmental impact, is driving a profound transformation of the energy
landscape. Renewable Energy Sources (RESs) are central to this transforma-
tion. RESs, including solar, wind, hydroelectric, biomass, and geothermal, offer
a sustainable and low-emission alternative to fossil fuels with a minimal en-
vironmental footprint [4]. However, their inherent intermittent nature presents
challenges in maintaining a stable, reliable, and high-quality power supply [2].
To address these issues, Distributed Energy Resources (DERs), including small-
scale generation and storage systems, are playing an increasingly important role
in decentralizing energy production and improving grid flexibility.
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Within this decentralized landscape, Renewable Energy Communities (RECs)
represent a key organizational model for the collective production, consumption,
and management of energy at the local level. RECs are composed of prosumers,
i.e., entities that both produce and consume energy, who collaborate to share
energy, balance supply and demand, and increase local self-sufficiency. In this
context, we will use the term broadly to include also pure consumers. Aggregat-
ing and coordinating RESs and DERs, RECs can reduce reliance on the main
grid, reduce energy costs, and contribute to environmental sustainability.

A critical component of RECs is the Energy Management System (EMS),
which acts as the community’s control layer. The EMS regulates how the energy
is produced, stored, and exchanged both within the community and with the
external grid. While traditional EMS architectures are often centralized [1, 16],
relying on a single decision-making unit, the growing pervasive presence of RESs
and DERs increasingly calls for decentralized control strategies. In such a sce-
nario, the EMS is distributed among autonomous control agents, each associated
with an individual participant. These agents make local decisions while coordi-
nating with one another to optimize the global performance of the community.

A promising framework that is increasingly being adopted in the context of
sustainable energy and electrical grids is Reinforcement Learning (RL) [18]. RL is
well-suited to energy management problems due to its capacity to learn optimal
decision-making policies through interaction with complex environments, even
in the absence of an explicit model of the system dynamics. This is particularly
valuable in RECs, where energy consumption patterns, renewable energy pro-
duction, and system interactions are inherently stochastic and difficult to model
analytically. In this setting, RL naturally extends to the Multi-Agent Reinforce-
ment Learning (MARL) framework, where multiple decentralized agents learn
and adapt their strategies through experience to achieve common or conflicting
objectives. This makes MARL an ideal fit for decentralized EMS architectures.
When combined with mechanism design principles, this approach fosters the
alignment of prosumer interests with overall REC goals, promoting cooperative
behavior that enhances the overall efficiency, resilience, and stability of the REC.

In this work, we present a novel MARL approach to address the energy
management problem within a REC system. Specifically, our contributions are
as follows:

– We propose an alternative formulation of the energy management problem
in RECs, grounded in a decentralized EMS architecture with a central coor-
dinating entity and aligned with the current Italian regulatory framework.

– We design and implement INcentive Allocation for Interest Alignment IN-
AIA, a MARL-based control strategy built on a state-of-the-art RL algo-
rithm combined with mechanism design principles, training the model using
historical real-world datasets and a high-fidelity digital twin simulator for
Battery Energy Storage Systems (BESSs).1

– We conduct an extensive experimental evaluation across multiple scenarios
with increasing complexity, assessing the benefits of our approach from both

1 The codebase is available at https://github.com/saamur/INAIA-REC.
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individual and community-wise perspectives. Additionally, we conduct ab-
lation studies to evaluate the robustness and effectiveness of the proposed
solution.

2 Related Works

In the literature, various approaches have been proposed to tackle the energy
management problem in RECs, with increasing emphasis on autonomy, scala-
bility, and coordination. In [17], the authors compare two rule-based EMSs: one
focused on individual node self-sufficiency and another on collective REC-level
self-sufficiency, showing that the latter achieves comparable local performance
while reducing reliance on the national grid. Similarly, in [15], the authors ana-
lyze two rule-based and two optimization-based methods, each either household-
oriented or community-oriented, and show the benefits of community organiza-
tion over isolated control. While rule-based strategies can be effective in static
environments, they rely on manually crafted heuristics that lack adaptability.
Optimization-based approaches are more flexible, but require accurate forecasts,
detailed models, and high computational effort, limiting real-time use.

To address these issues, RL solutions have been proposed. In [1], a central-
ized agent controls community assets to minimize electricity bills. Community
members can exchange energy internally within the REC or externally with
the grid, incurring different fees. The paper compares Model Predictive Control
(MPC) with a centralized RL agent trained via Proximal Policy Optimization
(PPO) [21], showing that MPC performs better but is computationally demand-
ing, whereas RL is faster at runtime but costlier to train. In [7], later extended
in [16], a centralized RL agent schedules BESS operations to maximize daily so-
cial welfare, defined as the sum of all node costs and revenues. Training is guided
by a MILP formulation that also serves as a baseline. However, this approach
overlooks household self-interest and assumes all BESS units are empty at both
the start and end of each day.

Several works have adopted a multi-agent approach to better reflect the de-
centralized structure of RECs. In [25], intelligent and non-intelligent households
trade energy within a private network. The energy price, determined by supply-
demand ratio, is lower than the buying price from the external grid and higher
than the tariff for selling surplus energy. Intelligent households, trained via Fuzzy
Q-learning [6], optimize battery usage to reduce costs. Similarly, in [19], a group
of buildings aims to achieve net-zero grid withdrawal by trading energy both in-
ternally and externally. Agents, trained with Deep Q-learning [14], share a global
reward encouraging collaboration. In [24], prosumers join a peer-to-peer mar-
ket brokered by a central Energy Trade Supporter (ETS), which also manages
a Community Energy Storage (CES). The ETS, trained with Q-learning [23],
matches bids and maximizes arbitrage profit. While this supports autonomy,
reliance on Q-learning necessitates discrete state/action spaces, limiting expres-
siveness. Finally, leader-follower approaches have been explored. In [13], a cen-
tral REC controller acts as leader while households are followers. A Stackelberg
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game is formulated at every step, where the controller sets prices for T time
slots based on prosumers’ demand profiles. Households then update and forward
new profiles, and the controller updates prices until a Stackelberg equilibrium is
reached. While effective, it is computationally intensive, requires high communi-
cation, and Q-learning may yield suboptimal policies due to tabular limitations.

In conclusion, despite progress in REC energy management, existing ap-
proaches still face key limitations. Many rely on centralized control or simplified
models of batteries and incentives, limiting applicability. Multi-agent learning
has been explored, but often neglects the strategic behavior of prosumers and
lacks mechanisms to align individual and community objectives, with adaptive
incentives rarely embedded in the learning process.

3 Problem Formulation

In this section, we formalize the energy management problem within a REC. A
REC is configured as a network of prosumers who cooperate by jointly manag-
ing energy production, consumption, and storage to enhance energy exchange
efficiency, improve local grid stability, and reduce individual energy costs. Here-
after, we present the modeling of the system at both the node level and the
community level, highlighting the associated objectives at each layer. Notably,
we consider a REC operating under the Italian regulatory framework, as defined
by national decrees [10, 12, 11], which govern, in particular, the distribution of
financial incentives for shared energy usage.

Node Level. A node of the REC typically represents a residential micro-grid
– which for simplicity we consider a household – with local energy loads, and
potentially equipped with a photovoltaic (PV) system and/or a battery storage
system. Nodes equipped with a BESS are considered controllable or active, as
they are capable of participating in energy optimization decisions. Conversely,
nodes without storage capabilities are treated as passive, contributing to the
community primarily through consumption and local generation.

The behavior of each node involves energy exchanges with the external grid,
either injecting or withdrawing power. Let N := NA ∪ NP denote the set of
nodes of the network, where NA and NP are the sets of active and passive
nodes, respectively. At each time step t, the net power exchanged with the grid
by node i ∈ N is given by

pi,t = gi,t − di,t − bi,t (1)

where gi,t ∈ R and di,t ∈ R are the exogenous signals of the energy renewable
generation and demand respectively and bi,t ∈ R is the energy charged into or
discharged from the battery (zero for passive nodes). A positive value of pi,t
indicates that the node is injecting power into the grid, while a negative value
implies that it is withdrawing energy.

A controller placed on an active node i ∈ NA, at each time t, must choose a
control action which represents the current to apply to the battery. However, such
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a decision must be compliant with its physical constraints, to avoid incurring in
BESS overloading or overdraining phenomena (further details are provided in
Appendix A).

Objective at Node Level. The primary objective of each household is to minimize
its electricity-related expenses, including energy bills and the operational costs
associated with PV systems and battery storage. Participation in a REC does
not alter this fundamental goal. However, a household may willingly deviate
from its typical cost-minimizing strategy to adopt a more cooperative behavior
that benefits the community if the financial incentives provided by the REC are
sufficiently attractive. Formally, a controller placed on an active node i ∈ NA

must optimize for the given period of time T ∈ N the BESS management to
maximize the objective Ji defined as:

Ji =

T∑
t=1

[
rtrad
i,t + rdeg

i,t + rinc
i,t

]
(2)

where rtrad
i,t ∈ R represents the traditional revenue or cost from energy exchange

with the external grid, rdeg
i,t ∈ R is the cost due to the battery degradation and

rcli
i,t ∈ R captures the incentive received from contributing to the community’s

overall self-consumption. Based on this, we define the social welfare as W =∑
i∈NA

Ji, which serves as a metric to quantify the overall fulfillment of the
individual objectives of the node agents.

It is important to recall that REC membership is defined by a legal agree-
ment, not by physical separation from the main grid. All nodes interact with
the external grid under standard conditions, adhering to the tariffs and contrac-
tual obligations of their energy providers. As a result, the energy purchase and
sale prices may differ across households and are not influenced directly by REC
operations.

Community Level. At the community level, the REC receives financial incen-
tives from the government based on its collective self-consumption. The self-
consumption is defined as the minimum, in each hourly interval, between the
total injected energy and the energy withdrawn by all REC participants.

Formally, we define the energy injection from node i ∈ N as p+i,t := max(pi,t, 0)

and the energy withdrawn from the grid as p−i,t := |min(pi,t, 0)|. The self-
consumed energy at the community level at time t is thus given by:

Ut := min

(∑
i

p+i,t,
∑
i

p−i,t

)
. (3)

This value determines the financial incentives received by the REC for the given
time interval and fosters both production and consumption coordination among
participants. Following Italian regulatory decrees, we model the financial incen-
tives Vt received by the REC at time t based on the self-consumption Ut as:

Vt := Ut · (α+ β + φt) (4)
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where α is a cost refund term, addressing the fact that the electrical grid au-
thority has spared management and repair costs since the self-consumed energy
has not been transported over long distances by the national grid, β is a fixed
coefficient of the actual incentives, and φt is a time-dependent component based
on market energy prices.

Objective at Community Level. At the community level, the REC controller
is the one responsible for allocating financial incentives to the households. At
each time step t, the controller selects an action, representing the distribution of
incentive payments across all nodes in the network. This action lies on a simplex,
ensuring that the total available incentive is appropriately divided among the
participants.

The objective of the community-level controller is to maximize the aggregate
self-consumption Ut over time. To achieve this, the incentive allocation strategy
must be designed to steer the behavior of individual nodes toward actions that
align with the collective goal. This involves leveraging the fact that node-level
controllers are inherently self-interested and aim to optimize their own utility
functions. By carefully shaping incentives, the community controller can indi-
rectly influence these decentralized agents to act in a way that also benefits the
overall REC performance.

4 Proposed Method

In this section, we formalize the energy management problem as a two-phase
stochastic game, a mathematical framework well-suited for modeling multi-agent
systems. We provide detailed descriptions of the agents operating at both the
node and community levels. Eventually, we elaborate on the algorithm design
conceived to tackle the stochastic game.

4.1 Two-Phase Stochastic Game Formulation

We model the control problem within the REC as a two-phase stochastic game.
In the first phase, at the beginning of the timestep, a set of distributed agents
act simultaneously. In the second phase, at the end of the timestep, a centralized
controller selects its action based on the global state and the joint actions of all
distributed agents. We define the game as a tuple G := ⟨I,S,A,Ac, P,R, rc,Z,
O, Oc, γ⟩, where:

– I is the set of distributed agents;
– S is the state space of the environment;
– A =×i∈I Ai is the joint action space of the distributed agents, with Ai

denoting the set of actions of agent i;
– Ac is the action space of the central agent;
– P : S × A × Ac × S → [0, 1] is the state transition function, specifying

the probability of transitioning to state s′ ∈ S from state s ∈ S when the
distributed agents take joint action a ∈ A and the central agent takes action
ac ∈ Ac;
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– R = {ri|i ∈ I} is the set of the reward functions for the distributed agents,
where each ri : S ×A×Ac → R is the reward function of agent i;

– rc : S ×A×Ac → R is the reward function of the central agent;
– Z = {Zi|i ∈ I ∪ {c}}, where Zi is the set of observations for agent i;
– O = {Oi|i ∈ I} is the set of observation functions, where Oi : S → Zi is the

observation function for agent i;
– Oc : S ×A → Zc is the observation function of the central agent;
– γ ∈ [0, 1] is the discount factor, capturing the importance of future rewards.

In a stochastic game, each agent aims to maximize its own expected dis-
counted cumulative reward over time. In our setting, the distributed agents are
the agents at the REC node level, while the central one is the agent at the
community level. Each round of the game is played in two phases: in the first
phase, the node agents select and execute their actions simultaneously based on
their local observations. In the second phase, the REC agent observes the state
and the joint actions of the node agents and selects its action accordingly. After
that, all agents receive their respective rewards based on the new state and the
actions taken.

4.2 Node Agent

At the node level, each active node is equipped with an agent that controls the
charging and discharging of its own BESS. Hereafter, we define observation and
action spaces and reward function of the node agents. We will omit the subscript
i to unload the notation.

Observation Space. The observation space of a node agent is composed of local
variables, such as energy demand and generation and the internal battery state,
global variables, such as the mean energy injected in the network, and time
variables. Formally:

ot :=
(
σt,Kt, dt−1, gt−1, c

sell
t−1, c

buy
t−1, p

+
t−1, p

−
t−1,

sin
(
φd
t

)
, cos

(
φd
t

)
, sin (φy

t ), cos (φ
y
t )
)

where: σt ∈ [0, 1] is the battery SoC at time t; Kt ∈ R is the battery temperature
at time t; dt−1 ∈ R is the energy demand of the previous step; gt−1 ∈ R is
the energy generation of the previous timestep; csellt−1 ∈ R and cbuy

t−1 ∈ R are
the energy market selling and buying prices, respectively; p+t−1 :=

∑
i∈N p+i,t−1

and p−t−1 :=
∑

i∈N p−i,t−1 are the two components of the REC self-consumption,
namely the sum of the energy injections and the sum of the energy withdrawals,
respectively; φd

t ∈ [0, 2π] is the angular position of the clock in a day, given by
φd
t =

2πτd
t

Td , where τdt ∈ [0, T d] is the current time of the day in seconds and T d

is the total number of seconds in a day; φy
t ∈ [0, 2π], similarly, is the angular

position of the clock in a day, given by φy
t =

2πτy
t

Ty , where τyt ∈ [0, T y] is the
current time of the day in seconds and T y is the total number of seconds in a
day.
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Action Space. The action of a node agent is a scalar value at ∈ R, and it
represents the current to apply to the battery. If at > 0 the battery is charged;
otherwise, with at < 0, it is discharged. Physical constraints on the feasible
actions are described in Appendix A.

Reward Function. The reward function of a node agent is defined as:

rt :=
[
rtrad
t + rdeg

t + rclip
t

]
+ rinc

t (5)

where the first three terms collectively define the local, self-interested reward
component rloc

t , while the last term captures the community-level incentive.
Specifically, rtrad

t accounts for the monetary costs or revenues derived from en-
ergy transactions (purchasing and selling) with the main grid; rdeg

t represents
the cost associated with BESS degradation; rclip

t is a penalty term applied when
an agent attempts physically infeasible actions (more details in Appendix A);
rinc
t denotes the agent’s share of incentives distributed by the REC, a component

that will be further elaborated in subsequent sections.

4.3 REC Agent

At the community level, the centralized REC agent acts to distribute the incen-
tives among the nodes of the network. In particular, the portion of incentives
allocated to passive nodes is V NP

t := |NP |
|N | ·Vt, which is divided uniformly among

passive households. The remaining amount of incentives, i.e. V NA
t := |NA|

|N | ·Vt, is
distributed among the active nodes according to the actions of the REC agent.

Observation Space. The observation space of the REC agent is composed of local
data of every active node, some global statistics of the REC and time variables.
Formally:

oREC
t :=

(
{di,t}i∈NA

, {gi,t}i∈NA
, {bi,t}i∈NA

, p+t , p
−
t , d̄t, ḡt, b̄t,

sin
(
φd
t

)
, cos

(
φd
t

)
, sin (φy

t ), cos (φ
y
t )
)

where: di,t ∈ R is the current energy demand of active node i; gi,t ∈ R is the
current energy generation of active node i; bi,t ∈ R is the current energy used
to charge/discharge the battery of active node i; p+t :=

∑
i∈N p+i,t and p−t :=∑

i∈N p−i,t are the two components of the REC self-consumption, namely the
sum of the energy injections and the sum of the energy withdrawals, respectively;
d̄t ∈ R and ḡt ∈ R are the mean demand and generation, respectively, among
all nodes; b̄t ∈ R is the mean energy for charging/discharging the batteries of
active nodes; φd

t ∈ [0, 2π] is the angular position of the clock in a day, given by
φd
t =

2πτd
t

Td , where τdt ∈ [0, T d] is the current time of the day in seconds and T d

is the total number of seconds in a day; φy
t ∈ [0, 2π], similarly, is the angular

position of the clock in a day, given by φy
t =

2πτy
t

Ty , where τyt ∈ [0, T y] is the
current time of the day in seconds and T y is the total number of seconds in a
day.
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Action Space. The action space of the REC agent is the (|NA| − 1)-dimensional
simplex, that is, the set of all possible vectors of proportions specifying the share
of incentives each node agent receives. Formally:

aREC
t ∈ ∆|NA|−1 (6)

The vector of the incentive rewards of node agents will therefore be:

rinc
t := V NA

t · aREC
t (7)

Reward Function. The reward function for the REC agent is simply the self-
consumption of the REC, i.e. rREC

t := Ut.

4.4 Algorithm

From the formulation of the stochastic game, we derive that every round of the
game can be seen as a general-sum game, where agents can both cooperate and
compete. Although node agents have a reward function that depends largely on
local self-interested dynamics, by collaborating effectively they can increase the
REC’s self-consumption and the overall incentives as a consequence, resulting
in higher social welfare. General-sum games are notoriously difficult to solve, as
the presence of multiple learning agents makes the environment non-stationary
from the perspective of each agent. Moreover, if agents do not explicitly account
for the behavior of others, the learning process often converges to sub-optimal
solutions.

To foster collaboration among node agents, we designed INAIA (INcentive
Allocation for Interest Alignment), a meta-learning algorithm inspired by Learn-
ing with Opponent-Learning Awareness (LOLA) [5]. While in standard MARL
settings each agent optimizes its own expected discounted return independently,
without explicitly considering the learning dynamics of other agents, LOLA en-
ables each agent to anticipate and incorporate the expected policy updates of
others into its own optimization process, effectively accounting for their learn-
ing behavior. With INAIA we apply this idea to the REC agent by updating
its parameters while accounting for the effect of its actions on the future be-
havior of the node agents. However, our setting presents unique characteristics:
the REC agent differs from standard RL agents in that its immediate reward
depends solely on the actions of the node agents, not on its own current actions.
Moreover, the REC agent does not directly influence the environment’s state
dynamics; instead, its role is limited to shaping the reward signals received by
the node agents. Consequently, the only means by which the REC agent can im-
prove its objective is by influencing the learning trajectories of the node agents
over time. This perspective naturally frames our problem through the lens of
mechanism design.

Mechanism design is the subfield of game theory studying techniques for
constructing rules (called mechanisms) that guide self-interested agents toward
outcomes that optimize a predefined social welfare function. When applied to
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Algorithm 1 INAIA
Require: Iterations I ∈ N, REC episodes EREC ∈ N, node episodes Enode ∈ N,

simulated steps K ∈ N, learning rates αREC, αnode, α
sim
node ∈ R+

1: Initialize node parameters θ ∈ Θ, REC parameters ϕ ∈ Φ
2: for i = 1, . . . , I do
3: Save θorig ← θ
4: for e = 1, . . . , EREC do
5: for k = 1, . . . ,K do
6: Collect trajectory τsim using πB

θ and πREC
ϕ

7: Simulate update on θ: θ ← θ − αsim
node∇θLnode(τsim)

8: Collect new trajectory τ ′
sim with updated θ

9: Compute REC loss: Lθ,ϕ(τ
′
sim) = − 1

|τ ′
sim|

∑
τ ′
sim

RREC
θ,ϕ

10: Update ϕ: ϕ← ϕ− αREC∇ϕLθ,ϕ(τ
′
sim)

11: end for
12: Reset θ ← θorig

13: end for
14: for e = 1, . . . , Enode do
15: Collect trajectory τ using πB

θ and πREC
ϕ

16: Update θ: θ ← θ − αnode∇θLnode(τ)
17: end for
18: end for

MARL, this translates into shaping the agents’ reward functions to bias their
learning process towards regions of the state space that are globally more desir-
able. In our setting, we can consider the REC agent as the mechanism designer
that shapes the incentive rewards of node agents to promote behaviors that
enhance overall self-consumption, i.e., our social welfare measure.

We now provide a detailed explanation of Algorithm 1, which implements
INAIA, outlining the rationale behind each of its components. Firstly, we need
to initialize the number of iterations I of the algorithm, each composed of EREC
episodes, in which the REC’s policy is updated, and Enode episodes, where node
agents’ policies are updated. These two parameters allow to vary the learning
speed of the two types of agents. Each episode in EREC is further divided into
K simulated steps. In addition, we need to provide the learning rates: αREC
for the REC agent, αnode and αsim

node for the node agents, where the former is
used for the updates of their policies and the latter for the simulated updates.
After initializing the node agents’ parameters θ and the REC’s parameters ϕ, the
algorithm can start. In each iteration, after saving the node agent’s parameters,
we start the REC’s episodes and their simulated steps. Each step of EREC is
structured as follows: after collecting a trajectory (line 6) we simulate an update
for the node agents (line 7). Then, we collect a new trajectory with the updated
parameters (line 8) and we compute the loss of the REC agent, that is the
negative mean of the self-consumption (line 9). Hence, we update the parameters
using the gradient of the loss, effectively maximizing the self-consumption (line
10). At the end of the episode, we restore the parameters of the node agents,
since the previous updates were used only for updating the REC’s parameters
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(line 12). In the second part of the iteration, namely the node agents’ episodes,
we perform classic updates, i.e., we collect a trajectory (line 15) and we perform
the actual update of the node agents’ parameters (line 16).

Notice that the self-consumption used in the REC loss (Line 9) depends on
the updated node agents’ parameters θ, which in turn depend on the REC agent’s
parameters ϕ. Therefore, the gradient ∇ϕLθ,ϕ is calculated also through the
parameters of the node agents. This is how the REC agent takes the node agents’
learning dynamics into account when it distributes the incentives, shaping their
reward functions. In addition, another crucial aspect of INAIA is that, when
collecting trajectories to update the parameters of the REC agent (Line 8), the
actions of the node agents are deterministic, and not stochastic as usual. This
helps in decreasing the variance of the policy updates and results in a better
learning process for the REC agent.

5 Experiments

In this section, we present the experiments conducted to validate the proposed
approach. Specifically, we compare INAIA against reference baselines for the
REC agent, while keeping the node agents always trained using PPO [21] with
fixed hyperparameters across all experiments. This ensures that performance
differences can be attributed solely to the behavior of the REC agent.

We evaluate our method in two complementary scenarios. The first investi-
gates the scalability of the system as the number of active nodes increases. The
second focuses on a representative heterogeneous REC configuration, allowing
for a deeper analysis of both training dynamics and final performance. In this
latter scenario, we also perform an ablation study.

The experimental campaign is conducted, for both training and testing,
within a realistic simulation environment. In particular, we leverage a simulator
based on a BESS digital twin [20], which accurately replicates battery dynam-
ics. Additionally, we use real-world datasets collected in Italy, covering energy
consumption, photovoltaic (PV) generation, market price evolution and ambient
temperature. Further details on datasets are provided in Appendix B.2.

The baselines against which we compare our approach are the following:

– PPO REC agent: The REC node is trained using PPO as for the node
agents.

– Rule-based REC agent: Since the self-consumption is the minimum be-
tween the total injected and withdrawn energy, a reasonable rule-based pol-
icy for the REC agent is to reward the node agents based on their contribu-
tions to the lower of the two components. Thus, the component of the REC’s
action for agent i is:

a
(i)
c,t =


1

|N | if p+t = 0 ∨ p−t = 0
p+
i,t

p+
t

if p+t ≤ p−t
p−
i,t

p−
t

if p+t > p−t

(8)
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Notice that the first branch is needed only to avoid divisions by zero; the
REC agent’s reward will be null in any case, since the self-consumption is
also null.

– LOLA: The REC agent is trained using LOLA.

The method is implemented in Python, leveraging the JAX [3] and Flax [8]
libraries, the former for efficient JIT-compiled computation, and the latter for
neural network modeling built on top of it. A detailed description of network
architectures and hyperparameters used in our solution are provided in Ap-
pendix B.3.

5.1 Scaling Number of Node Agents

In the first experiment, we explore how INAIA and the presented baselines be-
have in increasingly complex network configurations. We consider a REC with
a variable number of active nodes, namely 3, 5, and 8, and no passive nodes.
The power generation will be the same for all nodes: solar panels oriented South
with a nominal peak power of 3 kW.

We report the results for the three configurations in Table 1. The values
represent the cumulative social welfare (left) and total self-consumption (right)
over five years of testing. For each experiment, we applied early stopping based
on the social welfare metric to select the best-performing model. All agents were
tested using the same set of energy demand profiles to ensure comparability.
As can be seen, our approach consistently outperforms all baselines across ev-
ery setting, maximizing both social welfare and self-consumption. Notably, the
performance gap between INAIA and the other methods widens as the num-
ber of active nodes increases, demonstrating the scalability and robustness of
our method in scenarios that more closely resemble real-world REC networks
involving dozens of participants. Among the baselines, the best strategy is the
rule-based one, suggesting that a straightforward application of MARL, with-
out careful problem formulation and exploitation of domain-specific structure,
may lead to suboptimal results. Finally, our approach exhibits superior space
efficiency compared to the original LOLA implementation, which proved com-
putationally infeasible to run on our servers (specs detailed in Appendix C).

5.2 Reference Scenario

In this experiment, we consider a REC composed of three active nodes and
one passive node. Each active household is equipped with a 3 kW PV system,
but the panels are oriented differently: one 60◦ East-facing (favoring morning
production), one South-facing (producing most around noon), and one 60◦ West-
facing (favoring late afternoon production). The passive node has no energy
generation systems. The difference in panel orientation leads to naturally shifted
production peaks across the day, encouraging a form of temporal specialization
in energy storage behavior.
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Table 1: Comparison of algorithms in different scenarios of increasing difficulties
due to the growing numbers of agents (best results in bold).

Algorithm
Social Welfare [e] Self-Consumption [MWh]

3 5 8 3 5 8

Rule-based -2651 -4016 -4908 3.67 8.81 11.66
PPO -2673 -4104 -5125 3.46 7.82 10.69
LOLA -2875 -4637 —* 3.28 5.90 —*

INAIA -2579 -3780 -4264 4.68 16.65 85.74
* Results are missing due to unfeasible computation for too demanding hardware

requirements.

To evaluate the benefit of household in participating to a REC, we compare
the agents’ performance with and without participation in the community. In
Figure 1a, we plot the mean yearly validation rewards during training, obtained
by the agents when the REC is not in place – that is, when they receive no incen-
tives to deviate their local self-interested strategy. Figure 1b shows the change
in local rewards due to the REC, computed as the difference between the local
reward with the REC and the local reward without it (from Figure 1a). The
curves are mostly negative, indicating that agents sacrifice part of their local
reward when participating in the REC. This is expected in our incentive-driven
mechanism design where agents are encouraged to act cooperatively even if it
occasionally conflicts with their narrow self-interest. Finally, Figure 1c displays
the change in total rewards under the REC, again relative to the rewards in the
non-REC setting. Here, all curves are positive, demonstrating that the designed
incentive scheme effectively aligns individual and collective interests, making
REC membership beneficial for every agent. The confidence intervals have been
omitted from the plots, since they would be very wide due to the high hetero-
geneity of the demand profiles. However, every agent has been tested on the same
profiles throughout the whole training in both REC and non-REC cases, so the
curves are nonetheless comparable. From a self-consumption point of view, the
setting with the REC in place trained with INAIA obtained a value 35.1% higher
with respect to the case without REC and 17.3% higher with respect to the case
with the REC trained with the rule-based baseline.

5.3 Ablation Study

In the reference scenario, we conduct an ablation study to further validate the
effectiveness of our approach. Specifically, in our proposed method, node agents
act deterministically during the REC training phase to reduce the variance in
the gradient estimates for the REC agent (lines 5–11). When this mechanism
is ablated – sampling node agents’ actions from distributions – the increased
variability in the REC agent’s gradient estimation negatively affects its learn-
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Fig. 1: Comparison of the yearly reward of setting without and with REC agent.
Figures 1b and 1c show the impact of the REC agent in local and total rewards
w.r.t. the case without it (Figure 1a).

ing process. As shown in Figure 2a, the self-consumption performance during
training for the ablated variant is consistently outperformed by our approach,
with the rule-based baseline performing worst overall. The benefits of the pro-
posed mechanism are further corroborated by Figure 2b, which illustrates the
average daily self-consumption profile aggregated over five years of test data. In
this plot, our solution achieves higher hourly self-consumption than the other
methods, demonstrating effective coordination capabilities among node agents.

As reported in these plots, INAIA improves the training stability and allows
for faster gains in self-consumption than its ablated version. While both vari-
ants ultimately converge to similar long-term social welfare outcomes – yielding
−2261e for our method and −2274e for the ablated version over five years
– the variance reduction introduced by our approach significantly improves
REC self-consumption and overall learning efficiency. Overall, these results high-
light the strengths of INAIA: it not only improves individual agent returns
through coordinated behavior but also enhances global efficiency by increasing
self-consumption.
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Fig. 2: Self-consumption with 95% confidence intervals
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6 Conclusions

In this work, we presented INAIA, a novel MARL framework for the optimal en-
ergy management of RECs grounded in a decentralized architecture. Our method
incorporates mechanism design principles to align the self-interested objectives
of individual households with the global community goal of maximizing energy
self-consumption. Through a comprehensive experimental evaluation based on
real-world data, we demonstrated that our approach substantially outperforms
several competitive baselines across a range of settings. In particular, in a rep-
resentative heterogeneous scenario, our method increases self-consumption by
17.3% compared to the best-performing baseline. Ablation studies further con-
firm the robustness of the algorithm and the impact of specific design choices.

While our approach is inherently designed to encourage REC participants to
collaborate and specialize in complementary roles, it naturally results in vary-
ing incentive distributions across nodes. This behavior arises from the absence
of explicit constraints on allocation policies, allowing the algorithm to priori-
tize agents that demonstrate higher responsiveness to incentives. Although such
flexibility enhances the system’s overall efficiency, it may raise concerns regard-
ing perceived fairness among community members in real-world deployments.
To address this, in future works, we will investigate the integration of fairness
mechanisms aimed at promoting a more balanced and equitable distribution of
incentives, aligning technical performance with social acceptability.

Acknowledgments. This work has been funded by the Research Fund for the Italian
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A Problem Constraints

As described in the main paper, the actions that the node agents can apply
on the BESS they control must satisfy some physical constraints. Considering
a single node and omitting the subscript i for clarity, at each time step t, the
action that represents the current to apply to the BESS must be bounded as
follows:

amin,t ≤ at ≤ amax,t (9)

where:

amin,t :=
σmin − σt

∆t
· Ct (10)

and

amax,t :=
σmax − σt

∆t
· Ct (11)

σt is the current State of Charge (SoC), σmin and σmax are the minimum and
maximum SoC of the battery respectively, ∆t is the length of each time step and
Ct is the capacity of the battery.

Also the clipping component of the reward for the node agents, rclip
t depends

on these bounds. In particular:

rclip
t =


0 amin,t ≤ at ≤ amax,t

− (amin,t − at)
2 if at < amin,t

− (at − amax,t)
2 if at > amax,t

(12)

B Experiment Details

B.1 Incentives parameters

In the main paper we showed that the financial incentives given to the whole
REC are:

Vt := Ut · (α+ β + φt)

– α is a cost refund term that can slightly change from year to year, and has
a value of about 8–10 e/MWh. In our experiments we used 8 e/MWh;

– β is the constant term of the incentives. Its base value is 80 e/MWh, but
depending on what region the REC is located in, 4 e/MWh (in center re-
gions) or 10 e/MWh (in northern regions) are added to it. We used its base
value;

– φt is the variable part of the incentives, that changes depending on the
market energy price. It has value between 0 and 40 e/MWh.



18 S. Delpero et al.

B.2 Data

To train the agents we used data related to four domains: demand, generation,
energy market and temperature. For the energy demand, we used a dataset of 397
year-long profiles with hourly data on the energy consumption of Italian house-
holds. For the energy generation, we used synthetic data, generated with the
PVGIS tool [9], developed by the European Commission’s Joint Research Cen-
tre. This tool takes into account the location and orientation of the solar panels,
the losses of the conversion to electricity, as well as the weather, other atmo-
spheric data and many other variables. This results in high-quality data that is
very representative of real solar panels’ energy output. We generated data from
2015 to 2018 for training and from 2019 for testing. For market prices, we used
the time series of the Italian energy market as the basis for the buying price. To
simulate the common difference between purchase and sale prices, where house-
holds typically pay more for energy than they earn from selling it, we modeled
the selling price using the same time series, shifted downward by 87 e/MW.
For the external temperature, we used a dataset sourced from [22] and obtained
from https://www.renewables.ninja. It contains daily measurements of the
same periods as for the generation.

B.3 Network architectures and hyperparameters

In both the experiments with INAIA and with the baselines, the node agents are
trained with PPO, so each of them has an actor network and a critic network.
Both of them have two hidden layers with 64 and 32 neurons respectively. In
Table 2 it is possible to see the main hyperparameters for the training of the
node agents.

Table 2: Node agents training hyperparameters.

Hyperparameter Value Value for simulated update

Initial learning rate 5 · 10−5 1 · 10−2

Final learning rate 1 · 10−7 -

Learning rate schedule cosine constant

Number of steps 8192 256

Number of minibatches 32 2

Number of epochs 10 3

Discount factor 0.99 0.99

GAE lambda 0.98 0.98

The REC agent, in the case of IPPO and LOLA, includes an actor and a
critic network. These networks have a multi-branch architecture: each branch
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consists of a network with two hidden layers of 64 and 32 neurons. Each branch
takes in input the data of a single node agent i, namely di,t, gi,t and bi,t, along
with the aggregated REC-level data (p+t , p−t , d̄t, ḡt), and the time variables. The
scalar outputs of all the branches are then concatenated. In the actor network,
this concatenated vector serves as the parameter of the Dirichlet distribution
used to sample actions in PPO. In the critic network, the branch outputs are
instead combined via a weighted sum using a parameter vector. For INAIA
no critic network is required, and the policy is deterministic: in this case, the
concatenated branch outputs pass through a softmax layer to produce the action.
The main hyperparameters for the training of the REC agent are available in
Table 3.

Table 3: REC agent training hyperparameters.

Hyperparameter INAIA PPO LOLA

Initial learning rate 8 · 10−4 4 · 10−4 0.1

Final learning rate 1 · 10−6 1 · 10−6 1 · 10−6

Learning rate schedule cosine cosine cosine

Number of steps 256 8192 8192

Number of minibatches - 64 -

Number of epochs - 10 -

Discount factor - 0.99 0.99

Number of simulated steps 32 - -

EREC (see Algorithm 1) 3 1 -

Enode (see Algorithm 1) 1 1 -

C Hardware specifications

The server used to run the experiments is equipped with an AMD EPYC 7453
28-Core Processor, 24 GB of RAM and a Nvidia L4 with 24 GB of vRAM. The
bottleneck for the missing experiments has been the amount of vRAM available.


