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Abstract—Agent-Based Modeling and Simulation (ABMS) has
been increasingly applied in various research fields, thanks to
the capability of these models to describe fine-grained real-
world behavior and to the ease of interpretation by domain
experts. However, such models lack a formal definition and
well-defined semantics that are common to the different tools
supporting ABMS. This may occasionally lead to greater com-
plexity in interpreting the results with respect to other modeling
approaches. To address this issue, an ABM semantics that adopts
a continuous-time approach and a next-event time advance
simulation algorithm has been formally defined and presented.
Such an approach may lead to high computation times as it
requires recalculations of activity rates for all the agents after
each event. In this preliminary study, we exploit the FLAME
GPU framework to evaluate the benefits that GPU computing
may bring to the performance of our simulation algorithm.

Index Terms—Agent-based modeling, Simulation, GPU com-
puting, FLAME GPU.

[. INTRODUCTION

Mechanistic modeling, along with computer simulation,
constitute two essential methods for investigating numerous
real-world phenomena. These techniques enable the prediction
of a system’s temporal evolution, facilitating what-if analyses
under scenarios not previously encountered. Possible uses
include applications in the fields of biology and immunology,
such as immune system simulation for the evaluation of
new pharmaceutical compounds in ‘in Silico Trials’ [1], [2],
in the fields of epidemiology and social sciences such as
the prediction of the impact of contingency policies during
pandemics [3], [4], or in the fields of environment an cyber-
security such as the analysis of cyber-attacks to critical systems
[5], [6]. This provides a form of extrapolation that is not
readily available through other modeling approaches [7].

Real-world phenomena can be modeled by adopting mech-
anistic modeling in two ways. The first method involves
examining the phenomena from a macroscopic perspective,
by setting up rules and equations that capture the behavior of
the entire system. This is commonly realized through com-
plex systems of differential equations supported by a robust
mathematical framework (e.g. [8], [9]). Conversely, the second
method involves a microscopic examination, focusing on the
behavior of individuals and their interactions. This is facilitated
through the simulation of Agent-Based Models (ABMs) [10],
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a relatively recent computational modeling framework. ABMs
represent the system describing the behavior of independent
entities known as agents, making it possible to study “emer-
gent phenomena”—complex global system dynamics that arise
from the simple actions and interactions of these agents.

Although there is increasing interest in employing ABMs,
owing to their adaptability to diverse settings, ability to provide
detailed descriptions, and understandability for experts in the
application domain, they often lack clearly defined semantics
for coupling and scheduling agents and environment behaviors.
This may lead to diverse outcomes for the same domain model,
not only compared to other computational methods, but also
among different ABM programming platforms and simulation
tools. There is no universal agreement on defining an agent
and its behavior, on the time advance strategy (Fixed Interval
or Next Event Time Advance) [11] and the way of managing
concurrency and resolving conflicts: in other words, there are
several different interpretations of the ABM semantics that
drive the system evolution from an initial to a final state.

To address this gap, we developed a modeling pipeline that,
starting from the model description based on the graphical
high-level formalism—called Extended Stochastic Symmetric
Nets (ESSN) [12]—, allows us to develop ABMs with a clear
well-defined semantics. In fact, a translation algorithm capable
of automatically deriving an ABM model [13] to be used in
NetLogo [14] has been integrated into GreatSPN [15].

The simulation algorithm utilizes a Next Event Time Ad-
vance (NETA) strategy. Currently, this implementation recal-
culates the rates for all activities enabling future events, after
each state transition (i.e., after an agent acts, changing the
state of the system), even if such state transition did not
influence the state of the whole system. This clearly causes
inefficiencies in various scenarios. To cope with this issue,
two possible strategies can be followed. The first strategy we
investigated in [16] is based on the adoption of methods ex-
ploiting the structural dependencies that can be detected on the
model, in order to avoid superfluous recalculations. However,
this approach strongly depends on the model structure (i.e.,
whether the majority of state changes have a local effect)
and it introduces an overhead so that not all the models may
benefit from it. In this work, we aim to analyze a second
strategy that involves a “brute-force” approach exploiting the
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GPU computing potential to parallelize rate calculations. In
this second scenario, all the agents may recalculate their rates
in parallel with a consistent speed-up.

Based on our review of the literature, specifically [17], to the
best of our knowledge, we found that FLAME GPU [18],
[19] (and its updated version, FLAME GPU 2) is currently
the only widely available and actively maintained GPU-based
simulation framework for agent-based modeling. Other tools
mentioned in earlier research either focus on specific use cases,
are no longer actively maintained, or are not readily available
for practical use. For instance, in [20], [21] no tools have been
freely shared.

The paper is organized as follows. In Section II we describe
the adopted methodology, including a sketch of the AB-ESSN
simulation approach and algorithm (II-A), an introduction to
FLAME GPU (II-B), and details about the current implemen-
tation of the AB-ESSN algorithm on FLAME GPU (II-C).
In Section III we give preliminary results obtained on an
epidemiological model of SIRS, in Section IV we discuss
the advantages and disadvantages of employing either CPU
or GPU computing, and in Section V conclusions and future
work are presented.

II. METHODOLOGY
A. The AB-ESSN Simulation Approach and Algorithm

The Agent-Based - Extended Stochastic Symmetric Net
(AB-ESSN) formalism, introduced in [13], provides a compo-
sitional modeling formalism, based on High-Level Stochastic
Petri Nets, allowing to graphically define the internal behavior
of the different agent types (in the form of Petri Net sub-
models, including places, corresponding to state variables,
and transitions, corresponding to activities that trigger state
changes) and their possible interactions through synchroniza-
tion on labeled transitions.

The complete model, obtained by composing the sub-
models of all agent types, produces an ESSN whose dynamics
can be described by means of a Continuous Time Markov
Chain (CTMC). The model is parametric in the number of
agents of each type, their initial state (expressed by means of
tokens, enriched with structured data, distributed in the places)
and the rates of the activities (represented by the ESSN model
transitions). The simulation of an AB-ESSN model begins
from the initial state and repeatedly evaluates the rates of all
enabled transition instances, corresponding to all the activities
in which each agent can be engaged in that state.

Then, it generates an instance of an exponentially distributed
random variable, with a rate equal to the sum of all activity
rates in all agents, thus establishing the time to the next event
occurrence; the clock is then advanced to that time. Finally,
the agent that must act is selected through a random choice
weighted according to the rates of the activities of each agent.
The event representing the end of one ongoing activity in the
selected agent is randomly chosen and actuated. As a result,
a new state is reached and the simulation starts all over again
until a terminating condition is met. This behavior is obtained
by coordinating all agents that act in parallel computing their

304

own rates and performing the appropriate state change when
selected.

In [13] an algorithm for the translation of an AB-ESSN
model to Netlogo has been defined, which guarantees that the
intended semantics is preserved. The simulation procedure be-
comes very time-consuming as the number of agents increases.
Adapting the basic NetLogo code to avoid the update of the
agents’ rates when not needed could be beneficial. This can
be achieved by considering that, in many cases, most of the
state changes have a local effect and cause a perturbation
on the set (and/or rate) of enabled activities belonging to
a small subset of agents. This approach has been presented
and discussed in [16]: although it improves the performance,
the improved algorithm does not scale to significantly larger
agent populations. For this reason we decided to redesign the
algorithm following a GPU computing paradigm: currently,
the translation from the AB-ESSN model to the FLAME GPU
program is not yet automatic, but we plan to work on this line
in the near future.

B. FLAME GPU

FLAME GPU (Flexible Large-scale Agent Modeling En-
vironment for Graphics Processing Units) [18], [19] is an
advanced GPU-based extension to the FLAME framework
designed for high performance. It facilitates the translation of
formal agent specifications into optimized CUDA code using
C-based scripting. This encompasses essential components of
agent-based modeling like diverse agent types, agent commu-
nication, and the processes of agent creation and deletion.

FLAME GPU employs advanced techniques to optimize
data access and management (such as handling dense and
sparse data, using both global and shared memory), optimize
kernel functions, manage resource balancing, and improve
thread utilization. For instance, each agent is mapped to a
GPU thread, which loads batches of tiled messages into the
shared memory of each multiprocessor. This approach enables
agents to serialize certain message reads with minimal com-
munication overhead, achieving near-optimal GPU hardware
performance.

An agent in FLAME GPU is modeled as a communicating
X-Machine, an advanced version of the Finite State Machine
that incorporates memory. Though the X-Machine has a
precise formal definition, X-Machine agents are essentially
state machines capable of interacting through messages placed
in universally accessible message lists. Agent operations are
executed through state transition functions that shift agents
from one state to another.

Similar to other CUDA-based applications, FLAME GPU
supports the execution of two function types: host functions
(which run on the CPU) and device functions (which op-
erate on the GPU). The host is responsible for initiating
the CUDA application and overseeing the communication
process between the device and the system. Host memory
holds and initializes data, also receiving data from the GPU.
Moreover, the host oversees the synchronization of the CUDA
application, ensuring that it waits for one kernel execution to
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finish before initiating another. Conversely, the device executes
the actual CUDA kernel, which refers to the GPU-executing
code. During kernel execution, device memory retains input
data, output data, and local variables. Data transfer between
the host and the device occurs through memory allocation
and copying when the CUDA application runs. Before kernel
execution, data is transferred from host memory to device
memory. Post-execution, results are moved from the device’s
memory to the host’s memory. Generally, the device handles
kernel operation, while the host manages memory operations
and communication between the device and the system. The
distinction between host and device function is fundamental
for the implementation of our simulation algorithm on top of
FLAME GPU.

C. Implementing the AB-ESSN approach on FLAME GPU

The idea behind the implementation of the AB-ESSN algo-
rithm we described earlier is quite straightforward and consists
on the implementation of the agents’ local rates calculation and
action execution on the device, leaving the agent selection,
global rate calculation, and time advance on the host. In this
way, all the rate recalculations are executed in parallel with
minimal effort.

Figure 1 shows the five implementation steps utilized by
the algorithm, using the UML Sequence Diagram formalism.
Initially, the host executes the initialization functions and
shares the global variables with the agents (steps 1 and 2).
Then, the agents’ code performs the following steps: broadcast
messages to share agent information (e.g., position, state, type,
etc.) with other agents (step 2.1); count compatible agents for
interaction based on message data (step 2.2); and calculate the
rates for each agent’s potential actions and the cumulative rate
(step 2.3).

Then, the host computes the model’s overall rate as the sum
of the agents’ rates using a reduce function (step 2.4). Next,
the host predicts the timing of the next event and updates
the *CurrentTime’ variable (step 2.4.1), which stores the time
progression of the simulation. Furthermore, the host employs
a roulette wheel method based on agents’ rates to choose and
mark the next acting agent (step 3).

Finally, all agents execute steps 4 and 5 in parallel, but
only the marked agent will actually determine the next action
using the roulette-wheel method on action rates and perform
the chosen action. The steps from 2.1 to 5 are repeated in a
loop as long as CurrentTime < FinalTime.

III. EXPERIMENTS

The preliminary experiments on the AB-ESSN algo-
rithm implementation have been carried out using a SIRS
(Susceptible-Infectious-Recovered-Susceptible) model. The
SIRS model is a particular case of the SIR epidemiological
model, first used by Kermack and McKendrick in 1927 [22].
In the SIRS model, individuals defined as Susceptible can
turn Infectious upon interacting with those already Infectious.
Infectious individuals may recover and become Recovered
individuals, obtaining immunity. However, after a given time
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period, Recovered individuals might revert back to Suscepti-
ble. The presented implementation also takes into account the
spatial distribution of individuals.

Specifically, agents (i.e., individuals) are placed on a 10x10
discrete grid and can move up, down, left, or right at given
rates. Furthermore, infection may occur only among agents
that are in the same coordinates (X, y). For such a reason, steps
2.1 and 2.2 (message broadcasting and counting, respectively)
have been adapted to let Susceptible agents know how many
Infectious agents are on the same position, and thus calculate
their infection rate accordingly.

Simulations have been carried out starting from an initial
number of 100 agents, increasing then this number up to 800
agents. The initial conditions have been set equal for both
implementations (NetLogo and FLAME GPU). The NetLogo
model has been automatically obtained from an ESSN model
drawn with GreatSPN 3 according to what is described in
[13], [23] (Figure 2), while the FLAME GPU model has
been developed manually. For each initial condition, 100
simulations have been executed, and mean execution times
have been recorded. A different random seed has been used
for each simulation.

The NetLogo simulations have been executed on an Intel 19-
9880H machine with 32GB of RAM. The FLAME GPU simu-
lations have been carried out on a Nvidia® Tesla P100-SXM2-
16G made available on the Chameleon Cloud Infrastructure
[24]. In both scenarios, runs have been executed sequentially. It
is worth noting here that we adopted an old version of FLAME
GPU (1.5) for these initial experiments, as FLAME GPU 2
is currently in a pre-release (alpha) state. However, future
experiments and implementations will be migrated towards the
novel version also to test and exploit newer GPUs.

In Figure 3 we show the mean execution times for both the
NetLogo and FLAME GPU implementations as the number
of agents increases. Here, it is possible to observe that,
the computational time grows exponentially for the NetLogo
model, while it remains pretty bounded for the FLAME GPU
model. This can be also observed in Figure 4, where the perfor-
mance speed up (calculated as the ratio between NetLogo and
FLAME GPU computational times) is reported. Here we see
a growing advantage for the FLAME GPU implementation,
which culminates with 24,89x speed improvement for the 800
agents case.

IV. DiscussioN

Agent-based simulations excel in capturing fine-grained,
emergent behaviors that arise from interactions among agents.
Key quantitative measures often include computational perfor-
mance (e.g., runtime efficiency, scalability), agent population
size, interaction density, and the ability to handle complex
rule sets. Tools like NetLogo provide a simple, intuitive
interface that makes them accessible to domain experts without
advanced programming skills. However, this simplicity often
limits scalability for large-scale or computationally intensive
models. In contrast, frameworks like FLAME GPU provide
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Fig. 1. UML Sequence Diagram for the AB-ESSN Algorithm implementation in FLAME GPU. Numbers from 1 to 5 represent the corresponding steps in

the algorithm.

greater computational power and scalability, but require more
technical expertise to define agent behaviors and interactions.

Indeed, GPU-based approaches require predefining agent
behaviors and interactions in a way that fits the GPU’s parallel
processing paradigm. This can impose constraints on model
design and make it more challenging to implement complex
agent interactions compared to purely CPU-based approaches.
However, the trade-off is a significant increase in computa-
tional efficiency, particularly for large-scale simulations.

It is worth noting that GPU performance is often constrained
by memory management, as each type of memory has specific
use cases and challenges that need to be addressed to maximize
the GPU’s potential. For instance, global memory is accessible
by all threads across all blocks and typically offers a large ca-
pacity, but its access speed is relatively slow. Shared memory,
on the other hand, is much faster but limited to threads within
a single block. Register memory is extremely fast but has a
very small capacity. These limitations can create significant
challenges in the structure of agent-based models. Frequent
creation and termination of agents require dynamic memory
allocation, which in turn demands global synchronization on
the device. Additionally, agents often follow diverse behavioral
rules, leading to different execution paths within a kernel.
This results in thread divergence, reducing parallelism and ef-
ficiency. To mitigate such issues, FLAME GPU can be adopted
thanks to its capability of efficiently managing GPU resources,
such as threads and memory, enabling better performance for
agent-based simulations.

For what regards the scalability limitations of GPU-enabled
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ABM simulations, and in particular of our approach, we note
that FLAME GPU has been shown to handle millions of agents
effectively. Nevertheless, various factors may influence real-
world performance and real scalability. First, the total number
of agents that can be managed is heavily influenced by the un-
derlying hardware (e.g., GPU memory and processing power).
Additionally, the specific domain model being simulated can
have a significant impact on performance. For instance, in
many ABM scenarios, agents typically interact with others in
their local vicinity. As such, factors like the size of the simu-
lation space and the spatial distribution of agents can greatly
influence computational demands. To make things clearer,
one should consider a scenario where one million agents are
densely packed in the same location and where each agent
can, in principle, interact with any other in the same location.
This scenario would likely be much more computationally
intensive, in particular for our simulation approach, compared
to a scenario where the same number of agents is uniformly
distributed across a larger simulation grid (e.g., 100x100).
Thus, these spatial and interaction patterns directly affect the
computational load and the potential scalability due to the way
interactions are processed in parallel on GPUs.

V. CONCLUSIONS AND FUTURE WORK

The goal of this preliminary research was to investigate
if adopting GPU-computing, by means of the FLAME GPU
framework, was beneficial for the implementation and exe-
cution of the AB-ESSN simulation algorithm presented in
[13], which is particularly demanding from a computational
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perspective, especially in the phase of agents’ rates calculation.
This aspect is particularly critical, as it represents a limiting
factor for the total number of agents to be employed in each
simulation (the Achilles’ heel for any agent-based model).
While absolute measurements should be taken with a pinch
of salt as we are exploiting completely different architectures,
it appears clear that GPUs can bring an increasing performance
advantage as the number of agents grows, thanks to the parallel
execution of the agents’ procedures related to rate calculations.
Further experiments, as well as a more refined implementa-
tion of the approach, have to be conducted to more accurately
estimate the real advantage and applicability of the method-
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ology. To this end, we are currently conducting analyses to
better characterize the scalability of our approach, taking into
account these factors. The results of these analyses will be
presented in future work to provide a more comprehensive
understanding of the scalability of GPU-accelerated ABMs
modeled using the AB-ESSN approach.

Moreover, we plan to pursue further studies in multiple
directions, including the porting towards FLAME GPU 2 [25],
[26], a refinement of the current code, the enhancement of
the execution efficiency through targeted optimizations, and
a comparison with the structural dependency-based approach
described in [16]. Also, we plan to evaluate if the integration of
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both approaches (the GPU one and the structural dependency-
based one) may be useful for improving the simulation times.
Finally, we plan to implement the automatic translation, within
GreatSPN 3, from an ESSN annotated model directly towards
a FLAME GPU model to speed up the modeling and devel-
opment pipeline.
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