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Abstract. Agent-based simulation in cyber-physical energy systems is a challeng-
ing task, often involving multiple dimensions and layers, heterogeneous actors, and
large-scale systems, to serve as an effective analysis tool. It is also hard to compare
multi-agent systems because most simulations use complex, non-reusable agent envi-
ronments. To address these problems, a simulation framework that supports not only
complex simulation but also reusable environments for agent systems is needed. This
paper describes a Julia-based simulation framework for agent-based simulations of
cyber-physical (energy) systems, featuring an environment API that enables the creation
of reusable environments. For this purpose, an event-based architecture for agent-
environment interaction is proposed, implemented in a framework, and demonstrated
as a showcase.
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1. Introduction

Agent-based modeling (ABM) provides a powerful framework for representing the
decentralized behavior of actors in energy systems. These models are naturally complex,
as multiple actors operate on different parts of the system, often in spatially separated
areas, and represent a variety of stakeholders (e.g., system operator, energy market
operator, private or industrial customers). Popular applications include the modeling of
electricity markets, energy trading, and distributed grid control [1], [2].

To cope with the variety of applications, decentralized and asynchronous agent be-
havior, and to provide a well-engineered technical foundation for execution, agent-based
simulation (ABS) frameworks have emerged. We refer to agent-based simulation as the
computational implementation of an agent-based model, including explicit mechanisms
for time management, agent scheduling, and interaction handling. We define an agent
as a software unit that observes an environment through sensors and acts upon it using
actuators [3].

In an agent-based simulation framework for cyber-physical energy systems, it is
important to be able to describe agent behavior and the interactions between agents via
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communication in a simple way. Another, often-overlooked aspect, is the description of
the environment in which the agents live. While introducing general environments as
a separate unit type poses some challenges, it also creates the opportunity to design
environments that enable actual reusability and comparability. Emphasizing this also
aligns with the FAIR4RS principles [4], [5], particularly interoperability and reusability,
and has been advocated by Ferenz et al. [6] in the context of standardizing energy
research software.

The landscape of existing agent-based simulation frameworks is dense but still
heterogeneous, with many engineered for different methodological purposes (e.g., rein-
forcement learning agents, language model agents, ...). Our framework combines the
idea of reusable environments (already available for specific methods like Reinforce-
ment Learning (RL)) with the capabilities of a general-purpose, communication-based
agent-based simulation framework. Therefore, it provides a solution to the increasing
complexity of simulating energy systems by enabling the reuse of system simulations.
This simplifies the comparison of agent-based (or generally distributed) approaches in
energy research.

This paper is structured as follows. First, we further motivate the research gap in
the related work section. After that, the requirements for the frameworks are formulated.
The architecture is then described and explained. Next, the simulation methodology and
the implementation are briefly introduced. At last, a short showcase is presented, and a
conclusion is drawn.

2. Related Work

Agent-based modeling and simulation is a well-established methodology in energy
system research and is applied across a wide range of domains, including electricity
markets, demand response, intelligent grid control, and multi-energy systems [1]. The
growing complexity of cyber-physical energy systems, however, has exposed limita-
tions in existing simulation frameworks, particularly in reusability, comparability, and
communication integration. This section reviews related work with a focus on agent-
based simulation frameworks, energy-system co-simulation approaches, and reusable
environment concepts.

Agent-based simulation frameworks

General-purpose agent-based modeling (ABM) frameworks such as NetLogo [7], Mesa
[8], and Agents.jl [9] provide mature toolchains for defining agents, their interactions,
and simulation scheduling. These frameworks typically offer abstractions for agents,
global state, and spatial representations such as grids, networks, or continuous spaces.

In most ABM frameworks, the environment is implicitly represented in the shared
simulation state or explicitly encoded in agent logic. While this approach offers great
modeling flexibility, it tightly couples the environment to a specific simulation implemen-
tation. As a result, environments are rarely reusable across different agent behaviors or
experimental configurations. The lack of a standardized agent-environment interaction
interface makes it difficult to compare different distributed control strategies or agent
implementations on the same system model. Further, in these frameworks, network
communication is not supported.

However, the communication-aware framework mango [10], designed for cyber-
physical energy systems, focuses on real-time communication and does not explicitly
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address environment abstractions or comprehensive simulation-time support. There are
also specific agent-based frameworks for energy systems, such as ASSUME [2], and
SIMONA [11], which provide energy-specific tools, environments, and methods. These
frameworks are implemented with a different abstraction level in mind and therefore fall
into a different category.

Energy-system co-simulation and cyber-physical modeling

To cope with the complexity of modern energy systems, a variety of co-simulation frame-
works have been developed. Tools such as mosaik [12] and HELICS [13] allow coupling
heterogeneous simulators that represent different physical, control, and communication
domains. The mosaik framework and HELICS focus on orchestrating multiple simulators
with different time semantics and are widely used in smart-grid and cyber-physical
energy-system studies.

While co-simulation frameworks enable detailed multi-domain modeling at scale,
they do not expose a unified agent-centric environment abstraction. Agents interact
with simulator-specific APIs, and the environment remains fragmented across coupled
components. This limits reusability and complicates systematic comparison of different
agent-based approaches.

Reusable environments and reinforcement learning

Reinforcement learning has introduced a standardized notion of reusable environments
through libraries such as Gymnasium [14]. These environments define a clear agent–
environment interaction interface, decoupling agent logic from system dynamics and
enabling reproducible benchmarking. Energy-specific RL environments such as Grid-2-
Op [15], CityLearn [16], and ofpgym [17] demonstrate the benefits of this approach by
allowing different control strategies to be evaluated on identical system models. However,
these environments are fundamentally shaped by reinforcement-learning assumptions,
including synchronous step-based interaction and reward-centric evaluation.

Discussion and research gap

The reviewed literature highlights a gap between reusable environment abstractions and
general-purpose agent-based simulation for cyber-physical energy systems. Existing
ABM frameworks lack explicit, reusable environment concepts; energy-system co-
simulation tools expose environments only implicitly; and RL environments impose
learning-specific interaction models.

This gap motivates the need for a reusable agent-environment abstraction that
is independent of specific agent methodologies and integrates communication into
the environment’s dynamics. The framework proposed in this work addresses this
need by generalizing the concept of environments beyond reinforcement learning and
embedding it in a communication-aware agent-based simulation architecture for cyber-
physical energy systems.

3. Requirements

To clarify our development objective, we will outline the requirements for developing
the framework. For agent-based simulations, several key points need to be considered.
By definition, cyber-physical systems consist of a physical system and a cyber system
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Figure 1. Architecture of the agent-based simulation

(the communication system to coordinate the system). Given the balancing objective
of demand and supply, time is an important factor. Further, energy system simulations
can be computationally intensive, as significant time and spatial spans may need to be
incorporated. Further energy systems are part of the critical infrastructure; consequently,
system resilience is one of the most important aspects, underscoring the need to include
communication incidents and, therefore, communication simulation as an integral part
of the simulation. Due to the need for reproducibility and reusability [18], [19], this
framework has been developed with these properties as its primary focus. To incorporate
these requirements, the following specific aspects are additionally considered.

1. To consider realistic conditions for the agent-based actions, communication delays
are included. For this reason alone, it is necessary to track a simulation time.

2. The framework must provide deterministic, well-defined task ordering per entity.
3. The framework must support stepping external simulators in sync with the discrete-

event clock (and optionally at configured update points).
4. As research should be reproducible and comparable, we aim to separate the agent-

system and the environment (physical simulation) from each other. This enables
other researchers to reuse the environment to implement their own agent-based
approach.

5. Problems in the field of energy research are heterogeneous; therefore, a general-
purpose framework shall be developed to apply to various problems.

4. Architecture

To support reusable environments as first-class citizens and include communication
simulation, the architecture needs to be designed accordingly. Most importantly, the
interface between the agent system and the environment needs to be well-defined,
support the implementation of arbitrary environments, and ensure that the interaction
with the environment remains manageable and accessible to the agents.

In the following, we describe the architecture, differentiating between two main
entities: the agent and the environment. However, the capsule of a set of agents,
the agent container, is the environment’s architectural counterpart, being on the same
architectural level. The container and the environment are part of the so-called world.
The world also includes task and communication simulators and schedulers that execute
the environment and agents’ tasks correctly (see Figure 1).

We first start with the agent, then proceed to the environment, and finally describe
the simulation module.
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Figure 2. Interaction of the agent systems and the environments with their encapsulated external
simulators and models.

4.1 Agent

An agent is part of an agent system in an agent container (see Figure 1). An agent can
send messages, handle messages, schedule tasks (periodic, delayed, timestamp tasks,
...), observe the environment, and take actions on the environment (see Figure 2b).

Agents can be part of multiple topologies, which can be expressed as a connectivity
graph G = (V, E) with V as the set of agents {0, 1, . . . , n}, and the n×n adjacency matrix
A, with aij (with i, j ∈ V ) is 1 if i and j are connected, and 0 if there is no connection.
The framework provides methods for creating these topologies and distributing the
neighborhoods.

4.2 Environment

The environment integrates all non-agent units that participate in the simulation. In
energy systems, it will mainly contain physical components (e.g., distributed energy
resources) or actors that do not require agent representation (e.g., markets).

The environment consists of a behavior and a space. The behavior determines the
environment’s stepping logic (e.g., updating models, moving actors, notifying agents, ...).
The space represents the physical space in which the agents exist. Agents can retrieve
and update their own positions, and other agents can also be discovered. The space is
generally optional, as agents can be stationary.

It provides each agent with observations and actions. To achieve this, an agent can
be installed in an environment using some identifier (arbitrary) which can identify the
component/part of the physical system the agent should be assigned to (see Figure 2).
To interact with agents, the environment can emit global and agent events (received in
the same step) that indicate that something happened. Agent events are emitted to some
identifier of an installation. All agents installed under that identifier are automatically
subscribed to these events. Agent events represent the scenario of a local device
sending a local signal to its representative. Further, agents can freely subscribe to
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Figure 3. Architecture of the agent-based simulation

global events. These event types represent changes that can be globally observed (e.g.,
weather changes, system blackouts, ...).

4.3 Simulation Flow

The simulation integrates the agent system (as an agent container) and the environment
within a single simulation loop. The world implements this simulation with two event-
executing loops: the task and the communication loop. To queue tasks, agents and the
environment can create tasks and add them to the event queue. The general execution
flow of one step of the simulation can be expressed as follows.

1. Initialization of the environment.
2. Determine the next events E and calculate the step size.
3. Step all entities (environment and agents)
4. Execute all communication and task events ∈ E (parallelized).
5. Update the internal simulation time
6. Return the results of the step

The full flow is visualized in Figure 3. Note that there can be pre- and post-steps, e.g.,
for data recording during simulation. This simulation flow shows the implementation of
the discrete-event simulation. However, the framework also supports continuous time
simulation. In that case, the step size can be used as input to the simulation.

5. Implementation

The framework, environment extension, agent model, and simulation methodology are
implemented at https://github.com/OFFIS-DAI/Mango.jl, which also supports real-
time simulation using communication standards such as TCP and MQTT. The Julia
language was chosen due to the large ecosystem [20], [21], [22], its focus on simplicity
for scientific applications, and its easily applicable, mature threading API (enabling high
core utilization).

6. Showcase

To demonstrate the frameworks’ and the architectures’ capabilities and usefulness, we
present a specific example environment. We aim to evaluate two agent systems using
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1 # For each agent to install it on the environment , enables agent events

2 ...

3 install(world.env , agent , id=get_uuid(component), type=: component)

4 ...

5

6 # Agent is notified when the local power demand changes

7 function on_agent_event(agent , clock , event)

8 # Agent can access installed observations

9 power = observation(agent , :max_active_power)

10 # Notifies the demand aggregator

11 send_message(agent , (power , clock.simulation_time), agent.target)

12 end

Figure 4. Implementation of the interaction between agents and the environment (simplified)

the exact same environment, solving the economic dispatch problem (minimizing the
cost while meeting the demand target and staying within the power limits). The first
agent system uses an averaging consensus algorithm (see [23]). The second monitors
devices using agents and sends all necessary data to an aggregator agent, which solves
the problem centrally using linear programming. Economic dispatch must be executed
every 15 minutes due to changing demand. Additionally, we want to validate whether
the approaches are robust to communication incidents (here, packet losses).

To achieve this, PowerSystems.jl [21] is integrated as the core driver of an environ-
ment for an agent system. PowerSystems.jl can provide datasets and components for
scenarios. To integrate this external simulator, the first step is to identify which units
may be controlled by agents. Second, we determine the observations and actions for
each unit. In PowerSystems.jl, the primary entity is a component. Each component has
an identifier; therefore, each agent can be assigned a component by assigning it the
component’s identifier. This identifier is later used to install the agent in the environment,
enabling it to observe and act on the specific component after the mapping is done.

Because the agent simulation is time-dependent, the time-series data for each
component (e.g., a solar power plant schedule) is applied at the correct simulation time.
The environment’s behavior handles this. The full environment and the agent system
are published on GitHub (see Underlying and related material).

The exemplary results of this showcase are shown in Figure 5. The exemplary
results show that the consensus implementation is more sensitive to packet losses than
the central agent. The higher loss rate for the central agent system was used to make
an effect visible. It also shows that the consensus performance is close to the central
agent’s performance in the lossless case.

7. Conclusion

This work introduced an agent-based simulation framework for cyber-physical energy
systems that promotes environments to first-class, reusable entities. By formalizing an
agent-environment interaction interface and integrating communication, the framework
addresses key challenges in existing simulation tools. The proposed architecture
decouples physical system models from agent logic, enabling systematic comparison
of distributed control strategies and improving the reproducibility of energy-system
studies by enabling the capability to develop FAIR-compliant simulations for agent-
based approaches.
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(b) Consensus results
with 0.005%.
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(c) Central agent results
without packet losses.
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(d) Central agent results
with 0.5% losses.

Figure 5. Stacked area graph for the power contribution in MW. The solid black line depicts the demand.
The labels correspond to the scenario data from the PowerSystemCaseBuilder.jl [24] scenario used. Loss
rates differ across approaches to visualize effects; lossless cases provide the direct baseline comparison.

The Julia-based implementation demonstrates how simulators can be encapsulated
within environments while providing agents with observations and actions. The show-
case further highlights how the framework enables realistic, reusable simulations. This
underlines the framework’s suitability for evaluating distributed algorithms under realistic
cyber-physical conditions.

Future work will further extend the library of reusable environments, and analyze
and improve the actual simulation performance.
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