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Abstract

Despite the maturity of Al image generation, integration of
generative Al in M&S has primarily been limited to text.
This paper presents a vision for the use of Al-generated
images in M&S with an emphasis on equity and trans-
parency. We suggest several emerging use cases including Al-
generated images acting as interfaces between agent-based
models and physics-based simulations, encouraging empa-
thetic decision-making by visualizing individual agents, and
promoting transparency with symbolic representations that
complement textual descriptions of abstract model processes.
Finally, we discuss the mitigation of ethical issues related to
the deployment of Al-generated images in M&S.

Introduction

Commissioners, researchers, and stakeholders in Modeling
& Simulation (M&S) are actively integrating generative Al
tools throughout stages of the M&S process, as illustrated
in Figure 1. Integration has primarily taken the form of text
inputs to large language models such as OpenAI’s GPT to
produce text outputs. For example, a model may be created
by converting a text narrative (i.e., input) into a structured
form (e.g., causal or cognitive map, process models), which
is output as a text file (e.g., a bulleted list of edges) rather
than as an image (node link diagram).

In contrast, there is currently limited integration of Al-
driven text-to-image generative models (a.k.a. ‘Al-based im-
age generation’) in the M&S process. This is not due to a
lack of maturity in Al technology for image generation or
lack of familiarity with such possibilities for practitioners.
Al-generated images are now commonplace. They are ac-
tive topics of debate when it comes to deepfakes (Lao, Hir-
vonen, and Larsson 2025; Grossman and Grimm 2025) and
Al-generated images are routinely used in the entertainment
industry (Lapointe et al. 2025; Sew et al. 2025; Zhang et al.
2025). Manuscripts have used Al-generated images either
covertly (Dash et al. 2024; Gu et al. 2022; Skulmowski and
Engel-Hermann 2025) or for scientific needs, such as aug-
menting the volume and resolution of training data for image
processing algorithms (Zhou et al. 2025; Xie et al. 2025).
In the M&S process, images are mostly encountered as sci-
entific visualizations to examine simulation outcomes. For
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instance, we can observe aggregated spatio-temporal pat-
terns as simulated individuals move through space in an
Agent-Based Model (Grignard and Drogoul 2017) or we
can see how a forest fire spreads under different condi-
tions in a cellular automaton (Giabbanelli and Baniukiewicz
2019). These images may serve as input to Al tools, e.g., to
check the validity of a simulation (Wozniak and Giabbanelli
2021) or to learn about simulations (Flandre and Giabbanelli
2024), but are they are produced by the simulation rather
than generative Al tools. We thus posit that the lack of inte-
gration of Al-based image generation with the M&S process
may stem from an insufficient awareness of potential uses.

In this vision paper, we present several ways in which
Al-based image generation can support M&S. Specifically,
we examine how this integration can improve the equity of
simulation-based policy recommendations and the ability of
users to engage with simulations, which is important to es-
tablish trust and promote participation.

Al Images as Interfaces for Physics-Based
Simulations and Agent-Based Modeling

Agent-Based Modeling is a M&S technique in which indi-
vidual entities (virtual humans in our case) interact with each
other and with their physical surroundings. This technique
is commonly applied in socio-environmental problems and
recently came to attention outside of the simulation commu-
nity due to its widespread use in computational epidemiol-
ogy for COVID-19 (Lorig et al. 2021; Belfrage et al. 2024).
In agent-based models (ABMs), agents are defined by fea-
tures such as age category or sex, and they make decisions
(e.g., whether to wear a face mask) based on the informa-
tion available to them, such as observations of their peers’
behaviors and adherence to policies. While ABMs rely on
data for calibration and validation (Badham et al. 2018), Al
has long been used in this field to make ABMs more data-
driven (Kavak et al. 2018) by automating model implemen-
tation (Martinez et al. 2024), replacing the agents’ decision-
making modules with machine learning models (Beerman
et al. 2023), or building a more computationally efficient
version of the simulation via a machine learning surro-
gate (Fonseca et al. 2025). Despite the many ways in which
generative Al has been used with ABMs (Vanhée et al.
2025), Al-generated images are noticeably absent.
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Figure 1: Multiple studies have automated tasks of the Modeling & Simulation process by using LLMs. In all of these instances,
input and output are both text files, which can be unstructured (e.g., a scenario) or encode a graph (e.g., JSON, CSV).

Generating an image for each agent is straightforward us-
ing existing open-source technologies (Fig. 2, top), as the
characteristics of an agent can be assembled as a list and
passed to a text-to-image tool such as Stable Diffusion to
generate photorealistic portraits. The main question is: what
should we do with the images? Using simulations of respi-
ratory diseases (e.g., COVID-19) as an example, the image
of an agent can be transformed into a 3D morphing face
model to simulate mask deployment (Fig. 2, bottom) and the
protection that it confers to the agent (inhaling and exhal-
ing viral particles) (Solano, Mittal, and Shoele 2021; Wang,
Solano, and Shoele 2022; Anand and Shoele 2025). Physi-
cal differences associated with demographic traits (e.g., age,
race, and sex) affect the fit of a mask and its efficacy. For
instance, as people age, subcutaneous fat redistributes, al-
tering facial contours around the chin and neck (potentially
reducing mask leakage by filling gaps), while age-related
asymmetry can cause uneven mask contact pressure (Griffin
et al. 2024; Solano and Shoele 2022). Using Al-based image
generation would thus provide estimates of mask efficiency
across diverse agents, which allows us to identify who bene-
fits from interventions and who remains at risk. Such simu-
lations may reveal that some ‘universal’ policies are not uni-
versally protective (i.e., unequal outcomes among groups),
which may suggest opportunities for policy equity, such as
providing high-quality masks to groups with higher leakage
rates.

Through this example, we emphasize that Al-generated
images may play an essential role in connecting separate
strands of research. On the one hand, the infection in ABMs
is only based on proximity (Schroeder et al. 2022; Ebrahimi
et al. 2024; Reveil and Chen 2022) and aerosol diffusion
in the environment (Xue et al. 2024), thus ignoring differ-
ences between the agents and lacking support for equitable
simulations. On the other hand, computational fluid dynam-
ics can perform simulation of mask fits using well-known
facial image databases such as the American Multiracial
Face Database (Chen, Norman, and Nam 2021), the Basel
Face Database (Paysan et al. 2009), or the Chicago Face
Database (Ma, Correll, and Wittenbrink 2015), but it lacks
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the ABM component to simulate viral spread among agents
or how the use of masks depends on places (e.g., in a reg-
ulated public hub vs. at home). In sum, Al images are the
piece of the puzzle that connects different types of simula-
tion to arrive at a hybrid solution that assesses equity.

Bridging Model Abstractions and Human
Realities Through AI-Generated Images

Simulation models have been used to study the impact of po-
tential decisions across multiple aspects of equity, including
social position, human capital, socioeconomic and political
context (Mui et al. 2025; Giabbanelli 2024). In particular,
ABMs provide decision-makers with tools to estimate the
potential effect of different resource allocations across so-
cial groups (Tomasiello, Giannotti, and Feitosa 2020). How-
ever, these tools could create a disconnect between decision-
makers and the individuals whose lives are impacted by de-
cisions, leading to two specific problems. First, decision-
makers may account for only a subset of variables at play in
an individual’s life, since a model is necessarily a simplifica-
tion of reality. For instance, a simulation can forecast that a
significant reduction in the evacuation budget may still suf-
fice to move people away from danger, but it would not cap-
ture the struggle of families who face transportation barriers,
require regular access to medication, or fear interacting with
authorities due to immigration status. The aggregate metrics
of a simulation may hide the vulnerability of marginalized
groups, leading decision-makers to rely on optimistic pro-
jections. Second, neither the tools (which were designed by
people) nor their users are free of biases, but models may
be wrongly used to deflect responsibility (e.g., “the model
supports this choice”). For example, a decision-maker may
handle trade-offs in favor of a group to which they feel more
connected, e.g. leading to gentrification.

Generative Al has been used to address the lack of trans-
parency or promote empathy in decision making. For exam-
ple, several studies have examined how LLMs ‘feel’ (Sorin
et al. 2024; Huang et al. 2024) in reaction to a narrative or
whether they can craft stories that elicit certain feelings in
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Figure 2: The general process to turn an agent (as described by features such as age and sex) into an image is to gather the
features’ values as text and provide them to a text-to-image model (e.g., Stable Diffusion, Flux, DALL-E, Midjourney). The
image can be used for downstream applications, which can involve other simulation paradigms such as fluid dynamics.

human readers (Shen et al. 2024). Our recent work on ABMs key challenge: when Al-generated images include anthropo-
translates the simulated journey of an agent during a hurri- morphic features, viewers may perceive them as inauthen-
cane evacuation into a complete narrative, which was evalu- tic once they realize they were created by Al. To address
ated by human readers as showing genuine emotions (Giab- this, the authors recommend “to pair it with human over-
banelli et al. 2025). Several works have also been devoted to sight, disclose authorship clearly, or frame the message as
improving transparency in M&S by using LLMs to explain co-authored with a trusted human”. While analyses of col-
the structure of the model (Tel and Minor 2025), which has laborative and participatory modeling show that people are
quickly improved from early report generation focusing on involved mainly at the early ideation stage (Manellanga and
sentences (i.e., one giant paragraph) to current systems that David 2024), we see the need for human involvement as an
create executive summaries (Gandee and Giabbanelli 2024). opportunity for engagement throughout the M&S process,

Although the above solutions approached the lack of culminating in a co-design approach to narrating results
transparency and the need for empathy solely through text, via Al-generated images that accurately mirror lived expe-
we posit that AI_generated images can benefit both cases. riences. This human oversight in Al generation would also

Photorealistic images or videos may evoke empathy more allow communities to contribute ri.ch per.sonal insights that
quickly and robustly than text alone. For example, instead could not be captured through a simulation alone, whether
of reading several pages about the journey of each agent, due to limited data or necessary simplifications in the model.
decision-makers could see key moments in an agent’s life in Promoting transparency in simulation design (e.g., the
a fraction of the time. The main research challenges are not rules that underpin the agents’ behavior) requires a different
about the technical feasibility, since models such as Stable tool set and calls for different research questions than con-
Diffusion or Flux can provide photorealism. Rather, deploy- veying empathetic moments in the simulated journeys of in-
ment presents unique challenges because we cannot use any dividual agents. Photorealistic images excel at creating emo-
visual to narrate a simulated agent’s journey and we should tional immediacy as they show the consequences of concrete
not ignore the important matter of attribution. First, while events experienced by the agents. In contrast, the rules of a
visuals may benefit information recall and mobilize several model are more abstract, such as ‘if most peers express a
cognitive subsystems, these benefits can be lost if the visuals social norm that is different from mine then I will gradually
are overly complex, leading to cognitive overload. Studies move in their direction’. These abstractions call for symbolic
are thus needed to evaluate how the design of images would representations (e.g., using tools such as DALL-E). While
impact cognitive load, empathy, and ultimately the decisions we envision that images or videos of agents may be pro-
made. Second, Dorigoni and Giardino (2025) point out a vided instead of text (for empathy), we posit that representa-
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Figure 3: Various forms of documentation, spreadsheets, statistics, and scientific visualizations may provide insight into a
model’s rules or its outputs. However, these formats may not be directly usable by a decision-maker. Prior works have used
text summaries generated by large language models to provide more accessible, but often lengthy descriptions. We suggest the

complementary use of symbolic representations (e.g., from DALL

-E) and text to explain how the model works, and the use of

photorealistic images (e.g., from Flux) to promote immersion in an agent’s simulated journey.

tions of abstract processes may best promote understanding
and analysis when they complement a textual description, as
portrayed in Figure 3. So far, the use of Al-generated data
to promote understanding and analysis has primarily been
through data visualization, which is concerned with facili-
tating insights by creating the right charts (Wang, Sundst-
edt, and Garro 2025). The generation of images about the
process of a model rather than the results of a simulation
raises specific, interrelated research questions: which parts
of a model should be reinforced through visuals, and how
to integrate visuals with the text? Early integration experi-
ments suggest that not every part of a model is a good candi-
date for visuals (e.g., some are too metaphorical and do not
contribute to understanding the model) or even feasible (e.g.,
a simulation model of suicide may trigger banned keywords
in an Al image generation tool) (Gandee et al. 2024).

Mitigating Ethical Issues in Deploying
Al-Generated Images for Simulations

The emergence of text-to-image models has sparked dis-
cussions on ethical and responsible use of generated im-
ages (Hagendorff 2024), many of which are pertinent for
their use in M&S. Al tools generate new images by learning
the internal representation of a distribution containing aug-
mented and real images. Biases associated with the quantity
and distribution of training data representing different racial,
ethnic, age, sex, and other demographic groups have been
documented across multiple Al text-to-image tools (Luc-
cioni et al. 2023). Factors such as feature diversity (e.g., fa-
cial features), data quality (e.g., image resolution), and sam-
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ple selection (e.g., data sources) may further affect the in-
tegrity of Al output, especially considering data dependen-
cies with demographic groups (e.g., less variance of facial
features in images of minority groups) (AlDahoul, Rahwan,
and Zaki 2025). Furthermore, generative Al tools are prone
to ‘hallucinations’, which may help to represent new situ-
ations but can decrease immersion when producing unusual
bodies (e.g., hands with three fingers) or improbable interac-
tions with the surroundings (e.g., levitating objects) (Aithal
et al. 2024). Regions of the real-world data distribution that
are poorly sampled for training Al tools may be more sus-
ceptible to privacy concerns such as extraction of outliers or
duplicated training samples (e.g., to increase representation
of underrepresented groups) (Carlini et al. 2023), and secu-
rity concerns such as adversarial attacks for targeted manip-
ulation of generated content (Zhuang, Zhang, and Liu 2023).

If not carefully incorporated into the M&S process, bi-
ases in the sampling of training data may lead to less ac-
curate or representative simulation results for underrepre-
sented groups (i.e., when Al images act as an interface to
physics-based modeling); reinforce stereotypes, ideological
leanings, and marginalization of underrepresented commu-
nities (i.e., visualization of an agent’s journey); or introduce
new privacy and security risks for marginalized populations.
Thorough bias characterization and de-biasing, hallucina-
tion detection, privacy and security safeguards, and commu-
nication of risks and benefits will help ensure safe, equitable,
and transparent use of Al-generated images in M&S.
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