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Abstract—Integrated Energy Systems (IES) are inherently
complex, requiring co-simulation tools capable of integrating
heterogeneous models and capturing diverse dynamics. This
paper presents a comparative benchmark of two leading Co-
Simulation Orchestration Engines (COEs) for IES: Mosaik and
HELICS. We evaluate the performance and scalability of these
engines within a containerized, distributed co-simulation plat-
form based on Kubernetes. Following a qualitative comparison
of their programming and execution models, we benchmark
the execution time of each engine using a realistic district-scale
IES scenario, varying the complexity of the simulation and the
underlying computational resources. Our results demonstrate
that HELICS exhibits superior scalability compared to Mosaik,
achieving a more efficient use of resources as the complexity of the
simulation increases. We analyze the impact of key architectural
features to explain the observed performance differences. We
also evaluate the benefits of a multi-broker topology for HELICS,
assessing its resilience to overhead and its implications for future
geographically distributed co-simulation workflows. Our study
may guide the selection and optimization of COEs for the next
generation of IES co-simulation tools.

Index Terms—Integrated Energy Systems, Co-Simulation Or-
chestration Engines, Mosaik, HELICS, benchmark

I. INTRODUCTION

Integrated Energy Systems (IES) are increasingly character-
ized by strong interdependencies among physical, cyber, and
environmental domains [1]]. Analyzing these systems requires
simulation tools capable of capturing diverse dynamics across
buildings, electrical grids, thermal networks, control layers,
and human behavior. Because these systems are inherently
multi-domain, their modeling often involves integrating differ-
ent paradigms such as equation-based, event-based, or agent-
based models. For each of them, modelers rely on specialized,
domain-specific simulators to provide high-fidelity representa-
tions within their respective fields [2]], [3].

As the complexity of modern energy systems grows, com-
bining these specialized tools into unified simulation scenar-
ios becomes critical. Co-simulation techniques offer a viable
solution by enabling different simulators to interact while
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for Energy Transition, an Italian National funded project under PNRR M4C2,
Investimento 1.4 - Avviso n. 3138 del 16/12/2021 - CN00000013 National
Centre for HPC, Big Data and Quantum Computing (HPC).

maintaining their internal modeling assumptions and numeri-
cal methods. Over the past decade, interoperability standards
such as the Functional Mock-up Interface (FMI) [4] and
the System Structure and Parameterization (SSP) [5] have
made the integration of heterogeneous models increasingly
accessible.

However, effective co-simulation requires more than just
interoperability standards; it relies on a dedicated execution
engine to coordinate time advancement, manage data rout-
ing among simulators, and ensure causal consistency. This
orchestration layer, often referred to as a co-simulation master,
is crucial for determining the scalability, robustness, and
usability of the overall system [6]]. In this context, two Co-
simulation Orchestration Engines (COEs) have gained notable
attention: Mosaik [7] and HELICS [8]. Their underlying
philosophies differ significantly. Mosaik employs a centralized
orchestration model, where a single master controls the global
simulation time and coordinates all interactions. In contrast,
HELICS adopts a decentralized broker-based architecture,
enabling simulators (federates) to exchange messages through
a publish/subscribe [9] infrastructure that facilitates peer-to-
peer communication and distributed time management. These
architectural differences greatly impact scalability, ease of con-
figuration, and the capability to support distributed execution.

Despite their increasing adoption, both simulation engines
require significant expertise. Effective co-simulation necessi-
tates a thorough understanding of data dependencies, time syn-
chronization semantics, and the orchestration logic embedded
in each engine. Mosaik provides a simpler user experience
through its unified orchestrator, making it attractive for rapid
prototyping; however, this simplicity may limit its scalability
in communication-intensive scenarios. Conversely, HELICS
offers greater flexibility due to its distributed design, but
configuring its federation can be more complex.

This paper contributes to the field by systematically bench-
marking Mosaik and HELICS within a distributed, container-
ized co-simulation platform [10]-[12]. We evaluate the com-
putational scalability of these engines using a realistic IES
scenario. Additionally, we analyze how their orchestration
strategies impact data exchange, synchronization behavior,
and overall usability. Beyond performance metrics, this study
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Fig. 1: Architecture of the distributed co-simulation platform.

emphasizes qualitative factors important to practitioners, such
as configuration effort and the trade-offs between centralized
and decentralized orchestration. Our goal is to provide a well-
founded comparison that supports informed decision-making
when designing co-simulation workflows for next-generation
energy systems.

The paper is organized as follows. Sec. [I] presents the
motivations behind this work, introducing the co-simulation
platform we aimed to build and its requirements. Sec.
overviews the programming, deployment, and execution mod-
els of Mosaik and HELICS, and Sec. |I_V| benchmarks their
performance in a realistic simulation scenario. Finally, Sec. [V]
draws some conclusions based on our findings and suggest
future research directions.

II. MOTIVATIONS AND REQUIREMENTS

As discussed in Sec. [l developing realistic co-simulation
workflows for IES involves executing heterogeneous simula-
tors, often characterized by different time semantics, numerical
models, and communication needs, within a scalable and
distributed environment. The primary objective of our research
was to define a robust platform capable of handling these
complexities. This development process inevitably raised the
question of selecting suitable COEs to power the execution.
To address this, we integrated two leading solutions, Mosaik
and HELICS, assessing their programming models, execution
patterns, deployment strategies, absolute performance, and
scalability.

A. Platform Architecture

This work extends the architectural framework originally
presented in [12]], [I3]]. While the original system was designed
exclusively around the Mosaik co-simulation engine, the archi-
tecture proposed herein has been significantly re-engineered to
support the HELICS platform as well. This extension enables
a fair comparison between the two engines within the same
controlled environment.

Despite the transition to a multi-engine core, the platform
remains grounded in three foundational design principles:
(1) a declarative specification of both the simulation scenario
and the deployment environment; (ii) strict modularity and
reusability of simulators; and (iii) a rigorous separation of
concerns between scenario modeling and infrastructure de-
ployment. These principles underpin the high-level architec-
ture illustrated in Fig. [I}

Declarative Configuration. User interaction is mediated
through a declarative interface. Users define the co-simulation
scenario via a simulation definition: a set of YAML documents
that enumerate the simulators, their configuration parameters,
and the topology of their interconnections. Orthogonally, users
describe the target computing resources in a separate cluster
configuration file. This decoupling allows scenarios to be
hardware-agnostic, enabling seamless migration across differ-
ent infrastructures.

Simulation and Execution Management. The co-simulation
layer automates the instantiation of (i) the individual sim-
ulators required by the scenario, and (ii) the necessary or-
chestration components (i.e., Mosaik orchestrator or HELICS
brokers). Both simulators and brokers or orchestrator are
distributed as Docketl] containers. This containerization en-
sures that each simulator operates in an isolated environment
meeting its specific runtime dependencies, while providing the
flexibility to inject custom configurations as needed.

Distributed Infrastructure. The execution is supported by
a robust, multilayered infrastructure designed for horizontal
scalability. At the networking system layer, inter-container
communication is managed by Flanneﬂ which enforces fine-
grained control over networking policies. At the infrastructure
control level, Kubernetesﬂ governs the distribution of contain-
ers across physical hosts, providing mechanisms for automated
scheduling, load balancing, and failover.

Operational Workflow. The platform functions as a coordi-
nation system that synthesizes these layers into a cohesive
runtime environment. Upon receiving the user’s definitions, the
system dynamically generates Kubernetes manifests to dictate
the optimal placement of simulator and broker containers.
Simultaneously, it injects specific context data, providing
simulators with scenario parameters and brokers with the
connection topology.

B. Requirements

To effectively evaluate the suitability of Mosaik and
HELICS for large-scale IES co-simulation, we identified three
key categories of requirements. These guided both the integra-
tion effort and the subsequent performance benchmarking:

Programming Model and Usability. The integration of di-
verse simulators into the platform must require a reasonably
low effort. A simple and expressive programming model is
essential to facilitate the extension of the platform to new
simulators, thereby increasing flexibility regarding supported
usage contexts and scenarios. Furthermore, a streamlined in-
tegration process accelerates experimentation by reducing the
development time required for alternative simulator versions
or configurations.

Absolute Performance. The COE must ensure high per-
formance to support complex simulation scenarios. As IES

Uhttps://www.docker.com/
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models grow to include district-scale aggregations with tight
coupling between domains (e.g., power grids and thermal
networks), the overhead introduced by the orchestration layer
must remain minimal to allow for viable execution times.

Scalability. Beyond baseline performance, the COE must
exhibit strong scalability in two dimensions. First, it should
scale efficiently as the dimension of the simulation scenario
increases. Second, it must effectively exploit available com-
putational resources; we require the software to leverage
additional hardware (e.g., adding nodes to the cluster) to
manage larger scenarios proportionally, avoiding bottlenecks
that prevent the utilization of the distributed infrastructure.

IIT. ORCHESTRATION ENGINES UNDER TEST

In this section, we analyze Mosaik and HELICS focusing
on their programming, deployment and execution models.

A. Programming Models

From a user’s perspective, Mosaik and HELICS offer dis-
tinct paradigms for configuring and organizing co-simulations,
differing primarily in abstraction level and control flow man-
agement.

Mosaik. Mosaik utilizes a component-based design with a
compact abstraction. Simulators are wrapped in a Python-
based component class that exposes metadata regarding inputs,
outputs, and temporal behavior. Users structure experiments
through a Python script that instantiates simulators, connects
interfaces based on data-flow rules, and specifies the global
timeline. In Mosaik, the control flow is implicit, as the
interaction follows an inversion of control pattern: Developers
implement a standard interface (API), and the Mosaik engine
manages the simulation loop externally by triggering lifecycle
methods (callbacks), such as step (), on the simulator in-
stance. This approach abstracts the low-level communication
logic, allowing users to focus on the model behavior.

HELICS. HELICS adopts a federated, general-purpose ap-
proach. It operates as a federation of independent executables
(federates) that communicate via a common interface. Config-
uration is typically decentralized or defined via JSON/TOML
configuration files for each federate, though a broker hier-
archy must be established to manage complex federations.
In HELICS, the control flow is explicit. Unlike Mosaik’s
inversion of control, HELICS enforces an imperative execution
model where the simulator drives the lifecycle. The opera-
tional logic typically follows an initialize-loop-finalize pattern
entirely managed by the user code. HELICS, as its native
purpose is a middleware with some APIs to be used directly,
integrating them in the simulator’s code. This allows strong
model independence. Indeed, each simulator must be modified
to be responsible for orchestrating the step execution: it must
actively invoke API primitives to request time advancement
(blocking until granted), retrieve subscribed inputs from the
middleware, and publish computed results. While this explicit
handling increases the integration effort, it grants extensive
control over synchronization points and supports complex

iteration schemes. To mitigate the implementation effort, we
have designed some wrapping classes that standardize possible
federate templates in order to cover the basic data exchange
and synchronization needs.

B. Deployment and Execution Models

The programming models described above translate into
fundamentally different runtime architectures. Understanding
these differences is essential to interpreting the performance
benchmarks analyzed later in this study.

Mosaik employs a strictly centralized architecture. A single
orchestration process (the Master) holds the complete depen-
dency graph and coordinates the entire execution.

Execution Logic - Mosaik. The centralized nature enables
implicit time management but imposes a polling-based exe-
cution model. The orchestrator linearly queries simulators to
trigger steps and retrieve data. As the number of simulators
(N) grows, the scheduling overhead per time step scales as
O(N).

Data Exchange and Overhead - Mosaik. Communication
is routed internally by the Master. However, the standard
implementation relies on TCP sockets with JSON serialization.
In high-frequency exchange scenarios, the CPU overhead re-
quired for parsing and serializing JSON messages can become
a significant bottleneck. Furthermore, being a pure Python
implementation, the orchestrator is constrained by the Global
Interpreter Lock (GIL), which inherently limits its ability to
exploit multi-core architectures for parallel processing.

HELICS relies on a partially distributed architecture based
on a publish-subscribe [9] paradigm. There is no single central
master for data routing; instead, a hierarchy of Brokers coordi-
nates the message passing between distributed Cores attached
to each federate.

Execution Logic - HELICS. Synchronization is event-driven.
Each federate’s local HELICS Core manages its own time,
updating it based on the timestamps of incoming messages
and the global consensus provided by the brokers. This min-
imizes idle time, as federates only block when necessary for
causal consistency. This Logic makes it harder to define co-
simulation scenarios with complex data exchange, leading to
inconsistencies.

Data Exchange and Overhead - HELICS. Communication
in HELICS is topic-based and managed through a hierarchi-
cal Broker architecture. Unlike Mosaik’s polling mechanism,
HELICS adopts a publish—-subscribe model, in which federates
publish data on named topics and subscribe to those of interest,
without direct knowledge of data producers or consumers.
Each federate interfaces with the federation through a local
Core, which forwards data messages and synchronization
signals to the Broker layer. Brokers resolve subscriptions and
route messages to the appropriate destination Cores based on
topic matching. While this routing is logically centralized,
Brokers can be organized hierarchically, enabling distributed
execution and scalable message propagation. The Core and
Broker layers are implemented in C++ and use efficient binary



communication, substantially reducing serialization overhead
compared to Mosaik’s Python-based JSON parsing. Regarding
network traffic, we observed that most exchanged messages
are related to time coordination (time requests and grants)
rather than payload data, resulting in a network load profile
that differs markedly from Mosaik.

IV. PERFORMANCE RESULTS

Following the qualitative comparison of the programming
and execution models, we now focus on the quantitative
evaluation of the two orchestration engines. We conducted a
series of experiments to benchmark the absolute performance
and scalability of Mosaik and HELICS within the distributed
platform, aiming to understand how their architectural differ-
ences impact runtime efficiency under increasing complexity.

A. Simulation Scenario

The benchmark scenario represents an evolution of the inte-
grated urban energy system model introduced in our previous
work [[13]. While the original model focused on energetic fea-
sibility, this iteration has been specifically extended to stress-
test the orchestration engines under realistic, communication-
intensive conditions. The core setup models a district-scale
energy community composed of multiple residential buildings.
Each building is simulated by a dedicated set of compo-
nents: an FMU-based thermodynamic model (EnergyPlus), a
behavioral model for occupants (HBM), rooftop photovoltaic
generation (PV), an electric heat pump (EHP), and a battery
storage system (BT). These components interact through con-
tinuous data exchanges, capturing heat flows, electricity con-
sumption, generation, and storage dynamics. To stress-test the
orchestration engines under realistic, communication-intensive
conditions, we configured the scenario to include a Power Grid
simulator that aggregates electrical demand from all buildings
to compute the global grid state. This topology establishes a
global coupling among all building-level units. Consequently,
every time step requires the exchange of aggregated signals
between every building and the grid. This enforces a strict
synchronization lock-step across the entire cluster, preventing
simulators from ”drifting” ahead in time and significantly
increasing the communication load on the orchestrator.

B. Hardware and Software Configurations

The scenario is executed on the distributed platform de-
scribed in Sec. [[Il Each simulator runs inside a containerized
environment deployed on a Kubernetes cluster. This setup en-
ables us to scale the number of buildings, and thus the number
of simulators, in a controlled manner while distributing the
computational load across multiple nodes. The Kubernetes
cluster is hosted on five virtual machines: (1) one leader
node (16-core 2GHz Xeon CPU, 64GiB memory) hosts the
Kubernetes Control Plane; (2) four worker nodes (32-core
2GHz Xeon CPU, 128GiB memory each) serve as the runtime
environment for simulation pods.

We evaluated the total execution time across three configu-
rations: 1) Mosaik. The centralized Mosaik orchestrator, man-
aging the entire simulation from a single process. ii) HELICS

(Single Broker). Helics orchestrator using a centralized topol-
ogy where a single broker manages all federates. iii) HELICS
(Multi-Broker). Helics orchestrator using a hierarchical topol-
ogy where each Kubernetes Pod contains a local broker
managing its internal simulators, connected upstream to a
global cluster broker. These configurations were tested on
cluster sizes of 1, 2, and 4 worker nodes, varying the number
of buildings (and thus simulators) on a logarithmic scale. All
experiments were repeated 5 times; we report the average and
standard deviation of the measurements.

C. Performance and Scalability Analysis

1) Absolute Performance Comparison: Our primary com-
parison focuses on the total execution time as the scale of
the simulation increases (Fig. [2). The results demonstrate
a significant performance gap between the two engines. In
general, HELICS outperforms Mosaik, especially in complex
scenarios, where the gap is more than an order of magnitude.

The Mosaik configuration exhibits a steep, super-linear
increase in execution time as the number of simulators grows.
Notably, for the largest scenarios involving 128 and 256 build-
ings, the Mosaik-based simulation failed to complete within
a reasonable timeframe (timeout set at 1 hour), regardless of
the number of worker nodes allocated. This suggests that the
bottleneck lies within the centralized orchestration logic rather
than infrastructure capacity.

As detailed in Sec. the divergence between Mosaik and
HELICS is driven by two architectural factors: serialization
and scheduling. Mosaik’s reliance on JSON creates substantial
CPU overhead for parsing, whereas HELICS’s binary protocol
drastically reduces traffic and processing time. Furthermore,
Mosaik’s polling-based scheduling (O(N)) becomes a limiting
factor for large N, whereas HELICS’s event-driven approach
maintains efficiency under higher load.

2) HELICS Scalability Analysis: Focusing on the HELICS
performance curves (Fig.[3), we observe a highly efficient scal-
ability profile. The system demonstrates near-linear scalability
with respect to the available hardware resources. Specifically,
we observed that the platform can simulate 64 buildings on
a single worker node, 128 buildings on two nodes, and 256
buildings on four nodes with a comparable execution time
(approximately 100 seconds).

The shape of the curves further highlights how the bottle-
neck shifts from software to hardware. When the number of
simulators is lower than the available physical CPU cores, the
execution time remains nearly constant, indicating that the or-
chestration overhead is negligible and the platform effectively
parallelizes the load. As the number of simulators exceeds
the physical core count, the slope increases linearly due to
resource contention (CPU saturation). However, as shown by
the comparison across cluster sizes, adding new worker nodes
effectively flattens the curve again, confirming that HELICS
allows the simulation capacity to grow proportionally with the
infrastructure.
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TABLE I: Comparative Analysis of Simulation Data Packets

Metric HELICS Mosaik
Total number of packets 27,632 9,735
Number of data packets 10,124 4,964
Avg. payload size 67.01 bytes 68.20 bytes
Duration 12.72 s 16.16 s
Avg. Throughput 426.67 kbps  167.59 kbps

D. Network Traffic Analysis

To quantify the overhead of the distributed time synchro-
nization system of HELICS and the JSON-Python serialization
protocol used by Mosaik, we performed a comparative analysis
using a simulation of two buildings, where we measure the
packets produced and their average size (Table |I)) for a two-
days simulation. To ensure an accurate representation of the
communication load generated by the simulation logic, our
analysis focuses specifically on the messages originating from
the individual simulators and directed towards the central
orchestration entity (i.e., the HELICS broker or the Mosaik
orchestrator). We explicitly excluded acknowledgment packets
(ACKs) and the subsequent forwarding of messages from the
orchestrator to destination simulators. This filtering approach
prevents double-counting, as the communication inherently
involves a two-step delivery proce ss where the same logical
payload traverses the network twice: first to the broker, and
then to the recipient.

In the HELICS environment, we measured 27,632 mes-
sages sent from the simulators to the broker, representing
30.5% of the total network traffic. Out of them, 10,124
were actual data packets (type cmd_pub), while the others
were related to time-management: 9,092 were time requests
(type cmd_time_request), and 8,416 time grants (type

cmd_time_grant). This distribution confirms that time-
management signals constitute a significant portion of the
communication overhead. In contrast, Mosaik generated 9,735
messages sent to the orchestrator, accounting for 35.4% of its
total traffic. Out of them, 4,964 were actual data packets.

Focusing only on data packets, the average payload sizes
are nearly identical (=68 bytes). However, HELICS achieves
a throughput that is approximately 2.6 higher than Mosaik.
This disparity highlights some performance bottlenecks in the
Mosaik architecture. Mosaik relies on Python-based JSON
(de)serialization. Python’s interpreted nature, combined with
the text-based parsing of JSON, introduces significant CPU
latency for every message processed by the orchestrator. The
lower throughput (167.59 kbps vs. 426.67 kbps) suggests that
the orchestrator spends a disproportionate amount of time on
message handling and context switching within the Python
Global Interpreter Lock (GIL).

These results could indicate that the communication layer
is a primary candidate for optimization within Mosaik. Imple-
menting a compiled C++ core or adopting binary serialization
formats (e.g., Protobuf or FlatBuffers) could yield substantial
returns in simulation speed, potentially bringing Mosaik’s
performance closer to the high-efficiency baseline established
by HELICS.

E. Analysis of Topology (Single vs. Multi-Broker)

Comparing the HELICS Single Broker and Multi-Broker
configurations reveals that performance lines are nearly iden-
tical in our test environment. This indicates that within a high-
performance LAN, the overhead of introducing an additional
hierarchical layer of brokers is negligible.

However, the significance of the Multi-Broker topology
extends beyond LAN performance. Preliminary experiments



conducted in geographically distributed environments (not de-
tailed in this study) suggest that this hierarchy becomes crucial
when network latency is high. In such contexts, co-locating
simulators that communicate frequently with each other with a
local broker, thereby keeping high-frequency synchronization
traffic within the same node, can yield substantial performance
benefits.

V. DISCUSSION AND CONCLUSIONS

In this work, we presented a comparative evaluation of
Mosaik and HELICS, two prominent orchestration engines
for Integrated Energy Systems, integrated within a unified,
containerized distributed platform. Our benchmark highlights
critical trade-offs between usability, architectural flexibility,
and raw performance, providing guidelines for researchers and
practitioners in selecting the appropriate tool for their specific
constraints.

1) Architectural Trade-offs and Usability: While the exper-
imental results demonstrate HELICS’s superior performance
in complex scenarios, Mosaik remains a strong contender
for specific use cases. Its centralized, Python-centric ab-
straction lowers the barrier to entry, making it ideal for
rapid prototyping, educational purposes, and smaller-scale
experiments where ease of configuration outweighs execution
speed. However, as system complexity grows, the scheduling
overhead inherent to Mosaik’s centralized design introduces
significant latency. Conversely, HELICS demands a steeper
learning curve and a higher initial investment in configuration
to manage the distributed synchronization logic. However, it
rewards this effort with robustness and scalability, proving to
be the necessary choice for large-scale, high-fidelity simu-
lations. Future research in the co-simulation domain should
focus on bridging this gap: enhancing HELICS’s high-level
abstractions to simplify user onboarding and exploring event-
driven scheduling improvements for Mosaik to mitigate its
performance bottlenecks.

2) Performance and Scalability Profiles: The experimen-

tal analysis revealed distinct scalability profiles for the two
engines:
Vertical scalability. The Mosaik-based configuration exhib-
ited limited vertical scalability. Execution times increased
super-linearly well before hardware saturation, primarily
driven by the single-threaded nature of the orchestrator (and
Python’s GIL) combined with the overhead of JSON serializa-
tion. In contrast, HELICS, leveraging a C++ core and efficient
binary protocols, demonstrated excellent vertical scalability,
maintaining a flat performance profile until physical CPU
cores were fully saturated.

Horizontal scalability. The experiments validated HELICS’s
ability to scale horizontally. By decoupling logical simulation
groups across multiple nodes, the platform successfully shifted
the bottleneck from the orchestration software to the physical
computing resources. Furthermore, the Multi-Broker topology
introduced no measurable overhead in a LAN environment,
confirming that the architecture can expand seamlessly with

added hardware resources without incurring synchronization
penalties.

3) Future Work: While this study validated the efficiency of
the hierarchical architecture within a high-performance cluster,
we anticipate its true potential will emerge in geographically
distributed environments. In scenarios spanning multiple data
centers, network latency becomes a dominant factor. Building
on our findings regarding the Multi-Broker topology, our
future work will move beyond engine benchmarking to focus
on deployment optimization. We aim to develop algorithms
that determine the optimal allocation of simulators and brokers
across distributed nodes by co-locating highly coupled com-
ponents to minimize communication latency and maximize
overall system efficiency in heterogeneous infrastructure.
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