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Fig. 1. We report on an iterative design engagement with emergency preparedness policymakers to develop LLM agent simulations
that inform policy implementation. Through cycles of design and validation, simulations shifted from being distrusted to trusted,
and were ultimately adopted in policy implementation. This usefulness did not follow a linear path from technical sophistication to
institutional adaptation, but instead emerged through an iterative, stakeholder-engaged design process.

There is growing interest in using Large Language Models as agents (LLM agents) for social simulations to inform policy, yet real-world
adoption remains limited. This paper addresses the question: How can LLM agent simulations be made genuinely useful for policy? We
report on a year-long iterative design engagement with a university emergency preparedness team. Across multiple design iterations,
we iteratively developed a system of 13,000 LLM agents that simulate crowd movement and communication during a large-scale
gathering under various emergency scenarios. These simulations informed actual policy implementation, shaping volunteer training,

evacuation protocols, and infrastructure planning. Analyzing this process, we identify three design implications: start with verifiable
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scenarios and build trust gradually, use preliminary simulations to elicit tacit knowledge, and treat simulation and policy development

as evolving together. These implications highlight actionable pathways to making LLM agent simulations that are genuinely useful for
policy.
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1 Introduction

Large language models (LLMs) have unlocked new possibilities for simulating human behavior [10, 64, 66, 85]. Beyond
generating text, LLMs can be deployed as agents, capable of reasoning, conversing, and interacting with defined
environments [25, 50, 76]. When deployed at scale, collections of such agents have been shown to reproduce emergent
social phenomena, from collective decision-making to information propagation [22, 26, 67]. These findings have inspired
a growing thread of research on LLM agent simulation systems, promoted as tools to explore the potential impacts of
policies in silico before they unfold in practice [39, 45, 47, 51, 52, 56, 57, 74, 83, 88]. Proponents argue that such systems
could enable stakeholders to experiment with alternative scenarios and anticipate possible consequences [7, 44, 58, 86].

Yet despite this promise, no policymaking body has, to our knowledge, adopted these systems in decision-making.
Instead, they remain largely confined to academic demonstrations, with limited real-world validation and little integra-
tion into the workflows, priorities, and institutional constraints of policymakers. Critics caution that LLM agents can
risk reproducing stereotypes, amplifying biases, or offering “black-box” outputs that policymakers should not trust
[5, 8, 53], while others warn that they may foster false confidence by encouraging decision-makers to treat speculative
outputs as predictive truths [46, 89].

These gaps highlight a central tension: while LLM agent simulations hold potential as exploratory tools, their current
form falls short of the institutional legitimacy and trustworthiness required for real-world policy use. The tradition
of Human-Computer Interaction (HCI) suggests a possible pathway forward, with its rich history of participatory
and user-centered design methodologies. These approaches emphasize the involvement of stakeholders in technology
development to ensure systems align with actual practices and needs, rather than abstract potential [4, 68, 70].

Building on this tradition, we ask: How can LLM agent simulations be made genuinely useful for policy?
The “last-mile” usefulness of these simulations can hinge less on advances in models’ capabilities or frameworks’
sophistication and more on the design process itself: engaging policymakers iteratively, grounding simulations in their
lived challenges, validating outputs against real-world evidence, and collaboratively exploring how simulation results
can inform concrete implementation proposals.

In this paper, we report on a year-long iterative design engagement with a university emergency preparedness
and response team—the institutional decision-makers responsible for preparedness policy implementation (hereafter
referred to as the “policymakers”). We began with semi-structured interviews to map their existing workflows and
decision-making practices, and to probe how simulation might fit within them. We eventually identified graduation
commencement—a large, complex gathering event involving thousands of students, families, and staff—as a concrete
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policy domain in which evacuation preparedness was both pressing and open to innovation. Over five iterative design
phases, we developed and refined an LLM agent simulation system to generate crowd movement and communication
dynamics under varying conditions of scale, physical constraints, and information scarcity. At each step, we incorporated
policymakers’ feedback, validated the simulator against ground-truth data, and worked toward actionable proposals for
policy implementation refinement.

Alongside these design iterations, we analyzed our design process to surface broader insights into when and why
simulations were perceived as relevant, trustworthy, and actionable by policymakers. Our analysis suggests three key
design implications for making LLM agent simulations useful for policy implementation. First, start with verifiable
scenarios and build trust gradually. Policymakers only engage seriously with simulations when at least part of the
output can be checked against reality. Beginning with routine, recognizable cases helps establish credibility, which can
then support exploration of more speculative situations. Second, use preliminary simulations to elicit tacit knowledge.
Even imperfect or “wrong” outputs can be productive: they prompt policymakers to surface the unstated practices and
contextual details—such as roles, relationships, or environmental factors—that matter most for policy implementation.
Third, treat simulation and policy development as evolving together. Simulation capabilities and institutional requirements
rarely align from the start. As simulations mature, they shape policymaker expectations, and as policymaker expectations
shift, they reshape simulation needs. Framing both as evolving together enables simulations to become durable tools
that support decision-making in dynamic institutional contexts shaped by emerging Al capabilities.

Our contributions are threefold:

(1) Iterative design of LLM agent simulations in emergency preparedness: We show how collaborative engage-
ment enabled simulations to evolve from academic prototypes into tools that informed concrete preparedness
practices.

(2) Insights on simulation-to-policy relevance: We distill five insights that determine why and how LLM agent
simulations are perceived as useful and adopted by policymakers.

(3) Design implications for building useful LLM agent simulations for policy implementation: We provide
concrete guidance that developers and designers can apply when developing simulations to inform policy

implementation.

Together, these contributions demonstrate not only the potential of LLM agent simulations but also the conditions

under which they can move beyond academic demonstration toward institutional uptake.

2 Related Work
2.1 LLM Agent Simulations and Social Modeling

LLM agents have been shown to produce strikingly human-like behaviors when situated in simulated environments.
Early demonstrations revealed that agents equipped with memory and reflection can spontaneously form coalitions,
spread invitations, and coordinate collective events [64, 66]. Building on this foundation, researchers have extended
the paradigm to diverse domains: clinical workflows in hospitals, classroom dynamics in education, macroeconomic
trading, and other large-scale social processes [10, 25, 50, 76, 85]. Multi-agent systems have further been used to
explore policy-relevant questions, from epidemic response to online misinformation and environmental decision-
making [7, 22, 26, 44, 51, 56-58, 67, 74, 83, 86, 88]. Across these cases, the appeal lies in the promise of “in silico”
policy testing—running counterfactual scenarios at scale that would be costly or unethical to attempt in the real world
[39, 45, 47, 52].
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Yet, despite their rapid technical progress, these simulations remain almost entirely confined to academic demon-
stration. Evaluation has typically emphasized internal qualities such as coherence or plausibility, rather than external
markers of usefulness like institutional adoption or decision-making impact. Policymakers, to our knowledge, have not
integrated these systems into practice.

This absence of real-world uptake has fueled a wave of critical concerns. Some argue that LLM simulations risk
reproducing stereotypes or producing “black-box” outputs unsuited to accountable governance [5, 8, 53], while others
warn that by presenting speculative outputs as seemingly concrete, such systems may foster misplaced confidence in
decision-makers [46, 89]. The result is a widening gap: LLM agent simulations grow more sophisticated in technical
fidelity, yet remain disconnected from the institutional realities and trust requirements of policy use. Our work aims to
address this gap by shifting focus from refining agent architectures to designing processes that make simulations useful

in institutional policymaking.

2.2 HCI and Policy Implementation

HCI has long been concerned with civic technologies and decision-support systems that shape governance and public
policy. Early work introduced platforms for participatory urban planning and neighborhood decision-making [1, 32].
More recent systems like PolicyCraft structured deliberations to improve consensus and justification among stakeholders
[49]. Studies in crisis informatics highlight similar goals in emergency response, where tools support sensemaking and
communication among responders and the public [63, 73, 78].

Across these domains, scholars emphasize the importance of aligning tools with institutional constraints. For
example, Corbett and Le Dantec’s ethnographic co-design with a city immigrant affairs office revealed tensions between
efficiency-focused digital tools and the relational work officials valued for building trust [9, 20, 21]. Other studies note
that legal mandates, organizational hierarchies, and accountability requirements shape how civic or emergency systems
can be deployed [6, 9, 69]. While HCI has articulated a vision of technology that makes policymaking more participatory
and evidence-driven [28, 54, 79], recent work find that policy actors themselves remain an underrepresented stakeholder
in HCI research [87]. This suggests a need for deeper institutional partnerships and design approaches that can bridge
between technical innovation and organizational realities [36].

In this study, we build on HCI research that emphasizes aligning technologies with institutional constraints by
examining policy implementation—defined as the processes through which high-level institutional goals, or policy (e.g.,
protecting life and property in emergencies; see Sec 6.5) are translated into concrete procedures and workflows. Through
a year-long partnership with emergency preparedness professionals, we investigate how LLM-agent simulations can

support institutional processes, and address the practical realities of policy implementation.

2.3 Engaging Stakeholders in Design

To navigate such complexities, HCI researchers have developed a wide repertoire of stakeholder engagement methods.
Traditions of participatory design, user-centered design, and community-based co-design have demonstrated how
iterative cycles of prototyping, feedback, and negotiation can surface hidden needs and reconcile value tensions
[4, 18, 29, 37, 42, 43, 48, 49, 68, 70, 82]. Longitudinal collaborations with municipal offices [21], community organizations
[17], and health institutions [62, 72] underscore the importance of partnerships that adapt alongside institutional
contexts. Agile and iterative approaches have also been adopted in high-stakes domains such as education, health, and
emergency response to foster responsiveness and resilience [3, 71, 77].
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With the rise of Al-powered systems, however, new challenges emerge. Unlike traditional tools, Al outputs are
probabilistic, opaque, and sometimes unpredictable, complicating stakeholder understanding and co-design [2, 24].
Recent work has explored participatory approaches to algorithm design to surface values, fairness concerns, and
accountability requirements [23, 38], while others emphasize new representational tools to make Al legible in design
workshops [55, 59]. Together, these efforts point toward a growing consensus: longitudinal, participatory engagements
are critical not only for uncovering requirements, but also for fostering trust, negotiating unpredictability, and embedding
Al systems into institutional practice. This study contributes to these engagement traditions by addressing the specific
challenges of LLM agent simulations for emergency preparedness policy implementation, where outputs are both

generative and collective, and where contextual requirements are often tacit.

3 Policy Domain: Emergency Preparedness

To explore what makes LLM agent simulations useful for policy, we identified emergency preparedness as our design
context. Emergency preparedness represents a uniquely fitting domain because real-world emergency experiments are
practically and ethically impossible, observational data from crises are scarce and difficult to generalize, and policymakers
must make high-stakes decisions under profound uncertainty [33, 34]. Unlike domains where interventions can be
validated through controlled studies, emergency preparedness requires anticipating rare, unpredictable events with
limited empirical evidence. LLM agent simulations might offer a way to address these challenges by enabling exploration
of evacuation dynamics, testing communication protocols, and examining crowd behaviors under conditions that cannot
be safely replicated in reality.

Building on prior work and existing practices, we hypothesized that—given the potential and limitations of state-of-
the-art LLMs—the usefulness of LLM agent simulations in policy contexts hinges less on advances in modeling fidelity
or computational scale, and more on the design process. Simulations can become valuable when they are developed
through iterative engagement with policymakers, grounded in their lived challenges, validated against real-world
evidence, and collaboratively explored as tools for shaping concrete policy proposals.

To situate this inquiry, we partnered with a university’s emergency preparedness and response team. This team is
responsible for developing and implementing emergency preparedness policies across diverse scenarios—from preparing
evacuation procedures for large-scale gatherings such as commencement and orientation, to coordinating responses
to natural disasters (e.g., tornadoes, floods), and managing high-stakes emergencies such as active shooter incidents.
Because emergencies are inherently rare and information-poor, the team must act under profound uncertainly—
balancing institutional policy, safety concerns, and communication clarity while coordinating across stakeholders such
as university administration, student groups, local police, and nearby universities.

A central tool in this process is the after-action report. After each major university-wide event, the team documents
both their preparations beforehand and their actions during the events. These reports highlight improvements over
prior processes, identify gaps, and record strategies that worked in practice. The team reviews past reports to refine
future policy implementation, the university sometimes adopts successful practices from these reports. In this way,
after-action reporting functions as a bridge between day-of response and long-term institutional change, making it a
critical site for understanding how simulations might inform policy implementation.

We began our partnership by introducing prior work on model-based emergency coordination and exploring how it
could be extended with LLMs. At that stage, the policymaker team already understood both the promise and limitations
of social simulations for their domain. They also recognized the natural-language generation capabilities of LLMs as

potentially useful for addressing pressing challenges in emergency communication and social media management.
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Several members expressed particular interest in generating realistic variations of agent behavior through persona-based
prompting techniques, seeing this as a way to capture community diversity and stress-test communication strategies.
At the same time, the team made no commitment to incorporate simulation outcomes into their policy implementation,

underscoring that the collaboration was exploratory rather than prescriptive.

4 Methods
4.1 Iterative Design and Participants

We conducted an iterative design engagement with a university’s emergency preparedness and response team between
May 2024 and August 2025 — a span of 16 months. This collaboration was structured around flexible meetings convened
as opportunities and needs emerged. While the broader team included many stakeholders, our design work primarily
involved five core members who were directly responsible for preparedness and crisis communication: a Senior Director
for Disaster Recovery and Business Continuity Services (P1), a Senior Director for Reputation and Issues Management
(P2), a Director for Social Media (P3), and two Emergency Preparedness and Response Specialists (P4, P5). Together,
these individuals represented both policy-level decision makers and operational specialists, allowing our process to
bridge institutional strategy with on-the-ground practice.

Our design process unfolded in overlapping cycles of needs assessment through interviews, scenario exploration,

simulation prototyping, validation, and proposed policy changes based on simulation outputs.

4.2 Data Collection and Analysis

We collected multiple forms of data across the year-long engagement, including field notes from design and policy
implementation proposal sessions, transcripts of meetings, simulation logs and iteration logs from the system, semi-
structured interviews, recordings of the commencement event, and relevant email correspondence. All data collection
procedures were approved by the university’s Institutional Review Board (IRB).

We analyzed our qualitative data as follows. The first author transcribed and coded the meeting transcripts, the
interviews, the policy implementation proposal session, and relevant email exchanges. Two other researchers indepen-
dently reviewed the coded transcripts and provided feedback. The first author began by open coding one transcript,
then discussed the emerging codes with the other coders to align on coding granularity and analytic focus. We then
applied open coding across the full set of transcripts and emails, capturing both immediate design concerns and broader
reflections about policy relevance [75]. Together, we refined the codes into higher-level categories and conducted a
thematic analysis to surface recurrent patterns [13]. We resolved disagreements through discussion until consensus
was reached. These qualitative analyses provided the foundation for the detailed accounts of our design iterations ans

findings presented in the following sections.

5 Design Iterations

We developed our simulation system through multiple iterations throughout the 16-month engagement, with each
version incorporating feedback from policymakers and addressing specific design challenges (Fig. 2). In this section, we
describe this iterative process that revealed how LLM agent simulations evolve from academic demonstrations with

abstract potential to practically useful tools for policy implementation.
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Preparation 1st jteration 2nd jteration 3 iteration Observation 4t jteration 5t iteration
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online response with communications in added aisles, added parent/friend roles variations; evaluated

bottlenecks, coordinators,
actual announcements

simple container

and navigation planning.

policy scenarios

Real commencement
observed; crowd data
recorded

Semi-structured
Interviews for
institutional realities

-y

Simulation
Design

Distrust of results;
commencement
identified as validation-
feasible domain

Highlighted missing
realism (scale,
constraints, roles)

Credibility increased;
Simulations used to
train coordinators

Baseline trust established Adopted protocols;
Investigating feasibility;
Documented the
simulation to After-

Action Report

- TR T

Policymaker
Feedback

Fig. 2. lterative design process. Across 16 months (May 2024-Aug 2025), we progressed from preparation interviews through five
simulation iterations and an in-situ observation. Each phase introduced greater scale and realism (from 100 to 13,000 agents, adding
roles, bottlenecks, and family dynamics) and was shaped by policymakers’ feedback. Early iterations surfaced distrust and missing
realism, later iterations built credibility and training value, and by the final iteration, simulations informed adopted protocols,
feasibility assessments, and official after-action reports.

5.1 Preparation interviews: Capturing Needs and Institutional Realities

To ground and initiate our design process, we conducted three formative interviews during the first five months,
complemented by co-creation activities to develop stakeholder and process maps [41, 60].

The first interview, with P1, P2, and P3, followed a semi-structured format and focused on current emergency
preparedness practices. We asked them to describe prior experiences, identify challenges in existing workflows, and
discuss possible barriers to adopting new technologies. We also invited reflections on possible roles for simulation in
their work.

The second interview, conducted with PI1, examined the policy-making workflow in detail. We asked PI to walk
us through the sequence of activities involved in developing and implementing emergency policies, grounded in
concrete prior experiences. During the session, we co-created a stakeholder map and a process map, documenting
actors, responsibilities, and information flows (Fig. A1). After the session, we refined the drafts and invited P1 to verify
their accuracy.

The third interview, conducted with P3, investigated daily communication practices. We asked P3 to describe concrete
routines for monitoring and responding to online interactions during emergencies, and probed specific cases where
social media shaped people’s perception or altered information exchange.

All three interviews followed a semi-structured format, combining prepared questions with targeted follow-ups to
capture both routine activities and situational variations. The finalized stakeholder and process maps are included in
the Appendix (Figs. A2, A3, A4, and A5).

5.2  First Iteration: Simulating Communication and Misinformation Dynamics

5.2.1 Simulation Goals and Design. Based on initial interviews with policymakers, we identified communication
challenges as a primary concern during emergencies. P1, P2 and P3 expressed interest in understanding how official
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announcements might be misinterpreted and how misinformation could spread through online social networks during
crisis situations.

To approach this, we developed our first prototype simulation, modeling 100 LLM agents interacting “online”
We used GPT-40 to generate message content for each agent, which was prompted to behave as a “student.” In the
simulation, agents received lockdown announcements and stay-home orders, then generated responses and posts
to share within their social networks. For example, a dormitory restriction notice was interpreted by an anxious
agent as a rights violation, triggering an “outrage” response that they shared on a simulated social network. Each
agent was given a distinct persona generated through a two-stage prompting process, and operated with a basic
state machine to guide decision-making and communication protocols. This structure enabled us to capture both
individual variability and emergent patterns in how messages could be (mis)interpreted across a broad population. We
implemented two subsystems, focusing on misinterpretation and propagation respectively. See the appendix (Sec A.2)
for a more detailed description of the two subsystems. The simulation results showed that variations in the wording of
the official announcement influenced how “student” agents exchanged messages and which agents ultimately adhered

to instructions.

5.2.2  Policymaker Feedback. When we presented this system and its results to P1, P2, and P3 in October 2024, they
expressed fundamental skepticism about practical utility and real-world validity. Their primary concerns centered on
the difficulty of validating simulation outputs against real-world communication dynamics. For example, P3 questioned

whether the model captured realistic communication patterns:

You were showing that message before with the all capital letters... there are all kinds of studies that show
that people who are warned about spam emails are warned about emails having an overabundance of

capital letters... I think you would find some very interesting differentiations in what the data shows.

The team then pointed out the broader challenge of validation, noting the inaccessibility of complete online commu-
nication data and the inherent unpredictability of misinformation incidents. P1 emphasized the dangers of acting on

results that could not be verified:

For example, like if you implement such a simulation result, I can imagine that some high risk of the
situation might be so dangerous to use such a simulation result. So maybe for especially the first stage,

maybe we come up some application with low risk.

The core challenge centered around validation. Policymakers acknowledged social media misinformation as a
pressing concern but emphasized the seeming impossibility of validating such simulations against ground truth data. In
response, we explored alternative scenarios that both mattered to the team and offered potential points of observation
and verification.

Through these discussions over the following months, we identified evacuation preparedness for the university
commencement as a preferable domain. This annual event is the largest gathering on campus, and the team assumed
direct responsibility for the safety of the attendees. At the same time, commencement is vulnerable to both natural
hazards (e.g., severe weather) and man-made threats (e.g., targeted disruptions), making preparedness a top priority.

While such emergencies are inherently unpredictable, commencement offered a unique opportunity for observation.
Because the event recurs yearly, crowd movement and communication patterns can be monitored in real time, providing
data against which we might validate simulation outcomes. This made the domain both practically important and
methodologically tractable, setting the stage for our second design iteration.
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5.3 Second Iteration: Simulating “Commencement”

5.3.1 Simulation Goals and Design. Building on the lessons from the first iteration, we shifted focus to simulating
evacuation scenarios during commencement. Unlike the previous simulation of online interactions, this iteration
required modeling both spatial movement and communication among agents.

We simulated 500 LLM agents, again prompted to behave as “students,” and placed them within a rectangular
space representing the university stadium where commencement is held. The simulation unfolded over multiple time
steps. At the outset, agents received an official evacuation announcement. At each subsequent step, agents exchanged
natural-language messages with predetermined peers, simulating online communication with their friends. They then
decided which corner of the rectangle to move toward, representing exits from the stadium, with decisions generated
through GPT-4o calls.

Each agent was assigned a distinct persona (based on an academic major), though they were identical in terms
of physical capabilities and roles. This setup enabled us to explore how communication dynamics and individual

interpretations of announcements could influence evacuation flows and crowd movement.

5.3.2  Policymaker Feedback. P1, P4, and P5 reviewed this iteration in early April 2025. While they appreciated the shift
toward a scenario that could in principle be observed and validated, they immediately identified missing elements that
undermined the simulation’s credibility and usefulness. For example, P4 raised practical concerns about scalability that

underscored the gap between our simplified model and real-world requirements:

Is your model limited in how many agents it can handle? Commencement can be around 10,000 people, so

I’'m not sure how the model scales.

Across the discussion, the policymaker team pointed to several absent features: realistic physical constraints (aisles,
seating sections, and bottlenecks), physical-body effects that would create realistic congestion patterns, accessibility
considerations for diverse populations, the true scale of commencement attendees, the presence of volunteer coordinators
that were central to their emergency procedures, and the actual announcement message used. They emphasized that

without these contextual details, the simulation felt too abstract to guide concrete policy implementation.

5.4 Third Iteration: Simulating the University’s Commencement

5.4.1 Simulation Goals and Design. In response to policymakers’ feedback, we incorporated detailed stadium features
into the simulation space, including concourses, aisles, and bottlenecks that reflected the actual commencement venue
layout. We also increased the number of LLM agents to 3,000. Agents were implemented to adjust their movement
speed dynamically based on local congestion, addressing concerns that evacuation safety and efficiency depend on
crowd density. We further implemented collision-aware navigation that respected aisle and concourse boundaries while
preventing unrealistic oscillations in narrow passages.

To capture variation among attendees, we explicitly introduced heterogeneous agent types. Accessibility consid-
erations were integrated by assigning differentiated mobility parameters to agents with diverse needs. For instance,
wheelchair users were placed in designated seating areas and constrained to use specific exits, mirroring actual com-
mencement practices. In addition to “student” agents, we introduced “coordinator” agents positioned at eight fixed
locations throughout the stadium. “Coordinator” agents were prompted to guide nearby “student” agents toward
specific exits to improve evacuation efficiency, capturing their real-world role in emergency procedures. We consulted
policymakers to obtain the official evacuation message and to identify the type of emergency they consider most
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important. We then used that evacuation message, as defined by the policymakers, to send to agents during a severe
weather emergency—the type of emergency they believe is most likely and most concerning.
This combination of structural realism, heterogeneous mobility, and role differentiation aimed to bring the simulation

closer to the practical concerns raised by policymakers.

5.4.2  Policymaker Feedback. The response to this iteration marked a significant shift in policymaker engagement. P1,
P4, and P5 reviewed the system at the end of April 2025 and expressed substantially increased confidence in its potential
utility. The addition of realistic scale, physical constraints and coordinator roles created what policymakers recognized
as a credible representation of their operational environment.

P1 showed strong interest in the simulation output and spontaneously began envisioning how different coordinator

layouts might improve evacuation efficiency, leading to concrete requests for additional scenarios:

Can you run it again until they leave the stadium? Yeah, like the whole process... This helps us figure out
where to position volunteers to assist. Right now, we have four volunteers at the bottom of the stadium,
but by the time the crowd reaches them, it’s too late — they’re already bumping into each other. For
example, in front of the stage, maybe half could be directed right and half left. If we move the triangles
(coordinators) closer to the seating sections, it would help. We may need a red triangle and three purple
helper triangles for traffic, since captains alone can’t manage that volume... The real inefficiency is when
students choose far exits and collide. So rather than placing captains at the exits, it may be better to
position them near the sections, as that’s when people decide which way to go... This visualization is very

helpful for planning locations.
P4 also immediately identified training applications that we had not originally considered:

This will be also very good for training... because we usually have slides where we explain this is your
role, this is what you’re going to do, these are the locations, and if we can record a video of a scenario...

just so people see this is where you can expect people.

5.4.3 Policy Implementation. This iteration marked the first concrete policy implementation. Following their review,
policymakers began integrating simulation recordings into their coordinator training sessions before the 2025 com-
mencement. They used visualization outputs to illustrate crowd dynamics and evacuation decision-making processes,
replacing static slide presentations with dynamic scenario demonstrations.

Policymakers also documented our simulation approach and findings in their official after-action report following the
commencement event. As the university’s authoritative record of preparedness practices, the report carries institutional
weight by guiding future policies, training, and large-scale safety planning, writing: This foundational work represents an
important resource in understanding crowd dynamics and optimizing emergency response strategies. The report emphasized
the broader institutional value of the research: This research has been important not only for improving immediate event
safety but also for informing future large-scale public safety planning. Finally, the report committed to sustained interaction
of the simulation into preparedness efforts: The continued development and analysis of this simulation model will contribute

to more resilient and adaptive evacuation protocols, ultimately supporting safer environments for all attendees.

5.5 Fourth Iteration: Validating Simulation with Real Commencement

5.5.1 Empirical Observation. After the fourth iteration, we had the opportunity to observe the university’s commence-
ment alongside the policymaker team in May 2025. In preparation, we examined the physical layout of the venue before
Manuscript submitted to ACM
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the event to understand how space was actually used during crowd movement. During the event itself, we recorded
crowd movement and communication patterns with assuming anonimity under the university’s IRB confirmation. We
paid particular attention to how attendees exited the stadium once the ceremony concluded. Although no emergency
incidents occurred during the event, these recordings served as baseline data for our simulation models.

We also stayed in communication with the team throughout the event. For example, PI pointed out several key
locations that they were monitoring closely while attendees were leaving the stadium. These insights helped us connect
our simulation assumptions with the real points of attention for practitioners, reinforcing the importance of grounding
simulations in observable phenomena.

One critical finding was the central role of students’ family members. Commencement is not only about celebrating
students but also about their significant others. In practice, more than half of attendees were family members. After the
event ended, many students immediately sought to find and reunite with their families. As a result, the most severe
congestion occurred around family seating areas, where students attempted to reach relatives, which could affect
emergency evacuation. Our earlier simulations had included only “student” agents communicating with each other.
This observation revealed a major gap, prompting us to reconsider simulation scale, agent roles, and validation points.

Family members would need to be modeled as distinct agent types with different goals, movements, and interactions.

5.5.2  Simulation Goals and Design. Addressing the gaps identified after the May 2025 commencement observation,
we developed the most comprehensive version of our system incorporating the elements policymakers had deemed
missing in prior versions. This iteration scaled to nearly 13,000 agents—including both “student” and “family/friends”
agents—along with 50 coordinator agents, matching the actual size and structure of the event.

Agents were designed to reflect complex social and spatial behaviors observed in the real world. “Student” and
“family/friends” agents were seated in designated areas and paired (or grouped in trios), enabling them to communicate
and jointly decide their next destination. Coordinators were positioned throughout the venue to guide nearby groups
toward exits, mirroring real emergency procedures.

Figure 3 illustrates the overall architecture of our LLM agent simulator, including both the agent-level decision loop

and the stadium-scale interface. See the Appendix (Sec A.3) for a more detailed description of the final version system !.

5.5.3 Policymaker Feedback. This iteration generated the most comprehensive validation session, held in June 2025.
P1, P4, and P5 systematically compared simulation outputs against their observations from the recent commencement
event and the recordings of the commencement. They confirmed that the system realistically reproduced familiar
behavioral patterns and spatial dynamics, marking a substantial step forward in credibility. As shown in Fig. 4, the final
simulation closely mirrored crowd dynamics observed during the actual commencement, with similar mobility patterns
like congestion near the track areas close to the camera.

P4 noted how agents’ location choices mirrored authentic crowd behavior (emphasis ours):

...there are like agents who choose to stay at the boosters or... stay in the family and friends areas... on the
east side and the west side... which is also what we see in the actual commencement, right? Like people
around this place and this place... So this is pretty close reflection because they’re talking to each
other.

P1 emphasized how this baseline validation created the foundation for trusting the system’s utility for exploring

novel scenarios (emphasis ours):

'We do not consider the system, itself, to be a core contribution of this work but the design process in which the system was a technology probe.
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A. LLM Agents Conceptual Diagram B. System Display
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Fig. 3. Simulation overview. (A) LLM agents conceptual diagram: Agents receive inputs from three sources: Personal (e.g., accessibility
needs, group membership, persona), Social (group chat, official instructions, social network), and Environmental (stadium overview,
local layout, neighbor mobility). For each agent, an LLM governs decision-making and communication and hands off to a rule-based
controller for embodied action. Outputs include Physical (moving/navigating, exiting), Decision (destination choice, regrouping),
and Communication (ongoing group chat). (B) System display: Stadium-scale interface showing physical layouts, agents as colored
dots, coordinators, and a per-agent side panel. Numbered callouts: (1) stage area; (2) students with accessibility needs; (3) seating
areas for a portion of students’ family and friends; (4) seating sections for students from different majors, each major marked by a
distinct color; (5) exits; (6) bleacher area with dense family-and-friends seating; (7) coordinators distributed around the field track
for directing flow; (8) a per-agent side panel showing persona attributes including name, major and profile, below are group-chat
messages between agents that have social relationships and within the same group. Together this system supports simulations with
tens of thousands of agents (up to 13k in our largest runs).

Keep in mind that when we gave you all of those additional feedback pieces and you put it together
when you showed a baseline evacuation without anything major, it mirrored the 20 minutes of what
you all experienced with us with just the regular evacuation. And your simulation mirrored what we
experience every time we have it. So that gives us some baseline trust, if you will, to see that it is
connecting to what experiences we already had... so that as you all start to make additional trainings, we
can take great learnings from it, but we can see how it connects and the pieces make sense as it does that.
It’s not always throwing out a big red flag of oh my god something is wrong. It’s mirroring the stuff that

we’ve seen before as well but then helping us identify additional pieces and so there’s a lot of value to that.

This validation success marked another turning point: policymakers began engaging with the system not only to
verify known outcomes but also to explore hypothetical emergency scenarios. They spontaneously identified policy
implementation opportunities, particularly around coordinator positioning strategies and differentiated announcement
messages for specific emergency types. They also expressed interest in testing how variations in coordinator layouts

might affect evacuation efficiency and how tailored communication protocols could improve response effectiveness.

5.6 Fifth Iteration: Exploring Better Policy Implementation

5.6.1 Simulation Goals and Design. For this iteration, we used the validated system to explore simulation outputs
for novel scenarios and policy implementation improvements identified by policymakers. Building directly on their

feedback, we implemented a set of scenario variations that combined:

e two emergency types (severe weather and bomb threat)
e evacuation announcements with and without specific location information,

e alternative coordinator positioning strategies
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A. Actual Commencement B. Simulation

Fig.4. Comparison of crowd movement dynamics between empirical record and simulation. (A) Photograph of the 2025 commencement,
showing attendee movement as the ceremony concluded. (B) Simulation snapshot of the same scenario, incorporating 13,000 agents
with roles for students, family members, and coordinators, represented as colored dots. The simulation reproduced key spatial patterns
observed in the real event, such as congestion on the track areas at the bottom of the frame, providing a credible basis for validating
the system.

e the addition of an extra exit

We tested severe weather scenarios where all exits remained accessible and bomb threat scenarios where specific
areas required targeted evacuations away from threat locations. Announcement variations included location-specific
messages informing agents about threat locations versus general evacuation instructions. Coordinator layouts compared
existing positioning with alternative distributions such as placing coordinators closer to seating sections rather than
concentrated near exits.

These variations were designed to reflect the specific “what-if” questions raised by the policymaker team and to
test the robustness of different preparedness strategies. To evaluate the impact of these policy implementation options,
we measured evacuation efficiency by the time required for 80% of agents to complete their evacuation—the outcome

metric that policymakers consistently emphasized as most relevant for assessing operational success.

5.6.2  Policy Implementation. This iteration in August 2025 produced three concrete policy implementation proposals

that emerged directly from simulation findings:

(1) Opening a previously unused exit at the northwestern corner of the stadium to reduce evacuation bottlenecks

(2) Training coordinators to guide people located both near to and far away from localized threats rather than focusing
only on nearby individuals

(3) Developing differentiated evacuation protocols for various emergency types and incorporating these distinctions

into coordinator training materials.

The policymaker team adopted Proposals 2 and 3, incorporating the expanded coordinator guidance protocols
and differentiated emergency procedures into their standard operating protocols. However, they also noted that in
man-made threat scenarios—such as bomb or active-shooter incidents—operational authority shifts to local police. In
such cases, the preparedness team’s role would be limited, constraining their ability to fully implement these process
changes. For Proposal 1, policymakers initiated a formal feasibility assessment process to evaluate the structural and
logistical requirements for opening the additional exit, representing the standard institutional pathway for implementing
infrastructure changes.
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The after-action report in August 2025 documented these outcomes, emphasizing both sustained institutional
integration of the simulations and their broader significance for large-scale public safety planning. Policymakers

explicitly committed to ongoing development of the system as a long-term resource for preparedness and training.

6 Findings
In our study, “usefulness” did not follow a linear progression from technical sophistication to institutional adaptation.
Rather, it emerged through an iterative, stakeholder-engaged design process in which policymakers gradually built
trust in simulation outputs, learned the boundaries of what LLM agent simulations can and cannot do, and re-calibrated
their expectations and criteria based on this hard-won trust and understanding.

Analyzing this process, we identified five key insights on developing LLM agent simulations that are “useful” for
policy by supporting implementation:

(1) Validation Filter: Usefulness requires scenarios that can be validated

(2) Trust Bootstrap: Trust from validating mundane scenarios extends to novel ones

(3) “Fix-It” Response: “Wrong” simulations surface tacit domain knowledge from policymakers

(4) The Details Matter: Contextual nuance in interaction environments enables policy use

(5) Policy-Al Interaction: Usefulness emerges from co-evolution in policy requirements and simulation capabilities

We discuss each of these insights in the subsections that follow.

6.1 Validation Filter: Usefulness Requires Scenarios That Can be Validated

In our study, LLM agent simulations were not deemed useful in general, but only in scenarios where outputs could be
validated against policymakers’ prior experience or ground-truth data. Policymakers did not state this requirement
explicitly at the outset, but over time it became clear that observable, verifiable scenarios were essential entry points
for building confidence in simulation systems. Only after this baseline validation did they begin to engage with outputs
for less well-understood or hypothetical emergency scenarios.

We describe this as a “validation filter”: LLM agent simulations can be perceived as useful only in application domains
where results from well-understood scenarios can be checked by multiple stakeholders together. This filter is particularly
important given the stochastic nature of LLM outputs: both policymakers and developers needed to see where the
system aligned with known realities before exploring how it might generate value in untested situations.

This observation emerged immediately in our first iteration, which simulated social media misinformation dynamics.
Despite acknowledging misinformation as a pressing concern, policymakers expressed fundamental skepticism about

validation possibilities. As P3 explained:

It’s very hard for us to access social media data in previous emergencies, and some important communica-
tion may happen at private Discord channels... And then you have people in other countries who may be
having a conversation that’s blowing up way beyond what is actually happening here... we don’t know, I

mean, I don’t know how to communicate directly with some of our audiences overseas.

Because of this gap, the domain was deemed unsuitable for useful simulation, despite its clear policy relevance.
Policymakers instead steered discussions toward scenarios with verifiable outcomes, explicitly welcoming our proposal

to observe commencement. As P1 put it:

We will be more than happy to have you here and so what we do is what we actually have an emergency

operation center... you have the whole view and you can see actually see the flow of people.
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6.2 Trust Bootstrap: Trust from Validating Mundane Scenarios Extends to Novel Ones

The validation filter creates a paradox: Simulations are most valuable for situations that are difficult to observe or
anticipate [10, 64, 65], yet they can only be trusted if grounded in scenarios that are already well understood. We found
that this paradox could be addressed through a “trust bootstrap” process.

In our study, once trust was established through successful validation in mundane scenarios (in our case, attendees
exiting the stadium after commencement), that trust could be extended—or “bootstrapped”—to more novel and specula-
tive scenarios where robust validation was harder or practically impossible. This process has become especially salient
with recent advances in LLMs, which allow simulation systems to adapt to natural-language scenarios while building
on validated setups.

This dynamics was reflected in PI’'s comment during the fourth iteration:

..when you showed a baseline evacuation without anything major, it mirrored the 20 minutes of what
you all experienced with us with just the regular evacuation. And your simulation mirrored what we
experience every time we have it. So that gives us some baseline trust, if you will, to see that it is connecting

to what experiences we already had.

This baseline trust enabled policymakers to explore more speculative possibilities. For example, in our fifth iteration,
we demonstrated that opening an additional exit at the northwestern corner could speed up evacuation. In response, P5

proposed another option:

What if there was another exit that could potentially be opened?... Right behind it are stairs that lead
up to the buildings. I believe the university runs a fence across the back because it’s behind the stadium.
Maybe the university could put a temporary gate piece there instead of fencing it off completely... The
model (simulation) would be good for this and this is kind of the next step on the maturing the process

and considering those additional options.

We tested the behind-stage exit, but the simulation outputs showed it was less efficient than the northwestern exit. As a
result, the team did not pursue it further. This underscores how validated trust allowed policymakers to both imagine

new options and critically assess their feasibility.

6.3 “Fix-It” Response: “Wrong” Simulations Surface Tacit Domain Knowledge from Policymakers

We also found that iterative process was essential for developing trust because it allowed policymakers to respond to
simulations with “fix-it” reactions. Even when policymakers were deeply familiar with their domain, they did not initially
know which details were critical for interpreting a simulation until they saw something that looked off. Incomplete,
simplistic, or otherwise “wrong” simulations therefore served as productive technology probes [42]. By reacting to
outputs that seemed unrealistic or missing, policymakers revealed hidden assumptions and unspoken expertise, which
in turn guided refinements that brought the simulations closer to institutional relevance.

For example, our original commencement evacuation simulation did not consider people’s accessibility situations.

When observing that LLM agents move in identical speed smoothly, P5 immediately flagged this omission:

Did you think about like people with disabilities and they might want to exit like through the one that
has like the ramp or anything like that? Did you guys think about those factors?

This requirement—accounting for accessibility situations—did not emerge until after policymakers saw a simulation
that failed to include it. As P1 later reflected:
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We are aware that there’s so many variables, so we're not going to be going to be able to simulate 100%
the whole. So when we trust the system enough... I think that to mutually learn... Because I think this is
for us this is a learning experience. So we know that the system is giving us baseline data, but it’s also as

good as the information that we provide... to build an own understanding of how the process works.

In this way, unrealistic or incomplete outputs did not simply highlight errors—they revealed hidden assumptions
about crowd psychology and institutional protocols. These insights were not captured through direct questioning but

surfaced only when policymakers engaged with “wrong” simulations.

6.4 The Details Matter: Contextual Nuance in Interaction Environments Enables Policy Use

LLM agent simulations consist of two core elements: the agents themselves and the environments in which they interact
[76]. In our early iterations, we focused primarily on designing agents and leveraging LLM capabilities. However,
policymakers consistently pointed out that without sufficient nuance in the interaction environment, the simulations
lacked credibility.

In our case for commencement evacuation, these contextual details included the physical (stadium layout, seating),
social (family relationships, accessibility needs), procedural (coordinator roles, protocols), and temporal (event sequences,
decision timelines). When these contexts were incorporated, policymakers not only trusted the realism of the outputs
but also began to envision practical uses. For example, in the third iteration, seeing weather-related announcements

integrated into the simulation prompted P4 to imagine how the same system could handle more serious threats:

We were thinking that this evacuation is due to severe weather, which would be a fairly benign reason.

But it could also be because of a bomb threat, and that opens up a whole different conversation.

In academic demonstrations, developers often concentrate on designing LLM agents. However, our findings show that
the interaction environment matters just as much. Context reinforced utility by anchoring simulations in recognizable
realities, and it sparked imagination about new applications. Missing or misaligned contexts could cause temporary

dips in confidence, but these gaps also triggered “fix-it” responses that revealed additional requirements (see Sec. 6.3).

6.5 Policy-Al Interaction: Usefulness Emerges From Co-Evolution in Policy Requirements and Simulation
Capabilities

Our iterative process ultimately revealed a coevolution between policy requirements and simulation capabilities. While

we initially aimed to design simulations that could directly inform “policy,” policymakers clarified that our assumption

was misplaced. P1 stated:

These are process changes, not policy or concept of policy is different. Our policy is to implement safe
procedures to make sure that we protect life, property. So, policy has a context of what we intend to do...
So, our policy is the same. What we’re trying to do is to find ways to fulfill the policy, which is protecting
life.

This distinction—between stable, high-level policy commitments and the evolving processes used to implement them—
proved crucial for understanding where simulations could have impact. Policy represents overarching commitments
that remain constant across scenarios, while policy implementation, such as processes and procedures, changes in
response to context.

Usefulness therefore emerges recursively. Simulations are not one-directional tools for generating new policies;
rather, they become valuable when policymakers use them to refine how existing policy goals can be operationalized
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in practice. In this way, both problems and solutions evolve iteratively alongside simulation development, creating a

feedback loop between simulation design and policy implementation.

7 Discussion
7.1 Are LLM Agent Simulations Useful for Policy?

Scholars remain divided on the usefulness of LLM agent simulations. This debate reflects a fundamental tension
captured in Bill Buxton’s distinction between “building the thing right” versus “building the right thing [16].” Proponents
emphasize “building the thing right,” focusing on technical sophistication and agent architectures [39, 47, 51, 64, 66, 88].
Critics, by contrast, question whether such simulations are the “right thing” at all, warning against the risks of treating
speculative outputs as predictive truths [5, 8, 46, 53, 89].

Our work suggests a third path: through iterative, stakeholder-engaged design, LLM agent simulations can become
the right thing within particular policy contexts. Rather than assuming simulations are inherently useful or inherently
useless, we found that usefulness emerges through a design process in which developers and policymakers jointly
explore a design space defined by the intersection of technical possibilities and policy needs.

Indeed, by situating simulation development within the everyday decision-making practices of emergency prepared-
ness professionals, we observed how LLM agent simulations could have practical utility. The simulations did not replace
policymaker judgment or provide absolute predictive forecasts. Instead, they functioned as technology probes, surfacing
tacit knowledge of the problem domain and enabling the testing of hypotheses that would be costly, or impossible
to trial in the real world. Policymakers gradually progressed from validating simulations against mundane scenarios
to using them for novel explorations, converting abstract outputs into concrete training protocols and evacuation
procedures.

At the same time, caution is warranted. As trust in simulation outputs builds, there is a risk that model errors and
biases risk will be overlooked. In particular, demographic biases in agent behavior present a two-sided challenge [53].
On the one hand, such biases can sometimes be intentionally leveraged to mirror real-world disparities and stress-test
policies against them. On the other hand, uncritical reliance on these biased outputs—especially in policy decision-
making—can reinforce inequities rather than mitigate them [61]. Developers and policymakers must therefore carefully
distinguish between accepting bias to appropriately model reality and allowing bias to shape policy recommendations.

The significance of our work lies not in claiming that LLM agent simulations should universally guide policy
implementation, nor that iterative design automatically guarantees usefulness. Instead, our study demonstrates how
LLM agent simulations can become useful under specific design conditions. The central question is not whether such
simulations are useful for policy, but how we can design them to be useful for policy. Our case demonstrates one such

pathway: not inevitable or universally generalizable, but achievable through iterative, context-sensitive design.

7.2 How Can We Design LLM Agent Simulation That Are Useful for Policy?

While our findings build on standard HCI practice, that iterative stakeholder engagement maximizes our chances of
making useful technology, this section highlights distinctive design conditions specific to LLM agent simulations for
policy use. These conditions double as design implications, outlining how such simulations can be developed and
deployed in ways that are genuinely useful for policy by supporting implementation. They are intended to guide

developers, designers, and policymakers working at the intersection of HCI, Al, and public decision-making.
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7.2.1 Start with Verifiable Scenarios and Build Trust Gradually. Unlike traditional tools, LLM agent simulations claim to
model complex social phenomena that cannot be directly verified [26, 40, 47]. However, our “validation filter” (Sec 6.1)
finding shows that simulations only become useful when some baseline of validation against observable reality is
possible. Policymakers are unlikely to accept simulation outputs they cannot check, since LLM agent simulations
produce outputs that are inherently unpredictable. Instead, trust is built post-hoc, when simulated outcomes align with
familiar or observable patterns.

This unpredictability is also the strength of LLM agent simulations—they allow us to explore unanticipated situations
through agent interaction—but it makes the question of validation especially challenging. To address this challenge,
developers and designers should first identify verifiable cases that can serve as foundations [35] and deliberately stage
this progression: begin with routine scenarios stakeholders recognize, confirm alignment with their expectations, and
only then introduce speculative cases. This “trust bootstrapping” approach (Sec 6.2) allows LLM agent simulations to
harness their generative capacity while extending policymakers’ confidence from validated setups to novel, unverified

scenarios.

7.2.2  Use Preliminary Simulations to Elicit Tacit Knowledge. In HCI, prototyping is not just about refining and reducing
errors, but about exploring ideas through progressive increases in fidelity as designers gain confidence [15, 30, 65, 90].
LLM agent simulations for policy implementation can benefit from the process in similar ways, but our “fix-it” response
finding (Sec 6.3) highlights an additional benefit. With the verisimilitude of LLM-generated behaviors, even deliberately
preliminary or “wrong” simulations can generate the most valuable conversations with policymakers, surfacing tacit
domain knowledge that otherwise they cannot articulate upfront.

This marks a clear departure from typical Al development processes, which emphasize system accuracy and polished
final outputs [14, 19]. All simulations are necessarily imperfect—they cannot capture an entire world. In fact, as Bonini’s
paradox reminds us, models can become less useful as they attempt to capture more of a complex system [11]. Like a
map that is most useful when it selectively simplifies the territory, the challenge in simulation design is not simply to
increase fidelity, but to choose carefully which aspects to represent in order to make the model actionable.

Developers and designers should therefore treat interim simulations not just as flawed prototypes to be corrected,
but as probes that invite critique. Framing outputs with questions such as “what’s missing here?” rather than “is this
correct?” helps uncover tacit domain knowledge and institutional practices that can ultimately make the system more
useful. Importantly, the missing elements are not always tied to LLM capabilities themselves. Policymakers care about
the broader social context, beyond agent behavior alone. In our case, much of the feedback centered on the interaction
environment—such as spatial layout, family relationships, or coordinator roles—which ultimately proved crucial for
making the simulations useful for policy and its implementation (Sec 6.4). These findings underscore that the details
surfaced through iterative feedback are not incidental: they are precisely what determines whether a simulation achieves

the fidelity needed to inform policy implementation.

7.2.3  Set a Design Focus on Evolving Simulation Capabilities and Policy Requirements Together. User-centered design
typically assumes relatively stable user needs that technology should accommodate [4, 27, 80]. However, we found
that simulation capabilities and policymaker requirements were inter-dependent and developed simultaneously, with
neither existing in completing form at the outset (Sec 6.5). In our case, simulations began as simple demonstrations of
evacuation patterns, but over time policymakers used them to experiment with coordinator layout and differentiated
protocols. At the same time, several suggestions based on our simulations were not pursued—even after trust in the

system was established—because of institutional constraints. One example was for local law enforcement to assume
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authority during bomb threats. This contrast shows that simulation and policy implementation development can only
move forward together when technical possibilities and institutional boundaries are both taken into account. For
complex Al systems in institutional contexts, precise design goals and useful solutions cannot be fully defined at the
onset, but must be iteratively co-constructed.

Developers and designers should therefore set a design focus for evolving both simulation capabilities and policy
requirements as interdependent targets, rather than treating one as subordinate to the other. This means focusing
design on decision spaces where adaptation is possible—such as resource allocation, training, or communication—while
building flexibility so that both the system and institutional processes can adjust as shared understanding deepens.
By embedding this principle of interaction into the dual design focus from the outset, simulations can move beyond

prototypes to become enduring tools for practice.

7.3 Limitations and Future Directions

Our single-domain focus limits generalizability. Emergency preparedness offers clear success metrics and observ-
able validation opportunities that may not exist in other policy domains. The close collaborative relationships with
policymakers may also have influenced outcomes in ways that differ from typical technology adoption scenarios.

Resource requirements raise further questions of scalability. Our iterative design process required substantial time and
commitment from both developers and policymakers—resources many institutions may lack. User-centered automatic
interpretation techniques could help increase both the interpretability and scalability of simulation results [31, 81, 84].

Ultimately, the usefulness of such tools should be judged by whether suggested changes in policy implementation
actually improve safety during emergencies. Our study did not directly test implementation results. Longitudinal studies
are needed to evaluate this question and to trace how simulation tools evolve over extended periods of institutional use.
Future research should also test these design conditions across other policy domains and organizational contexts, and
explore ways to scale iterative methods to institutions with fewer resources. Developing evaluation frameworks that
center stakeholder experience, rather than traditional accuracy alone, represents another important methodological
direction.

Our findings are also constrained by the current capabilities of LLMs—we primarily used OpenAI's GPT-40 and GPT-
4.1. As these models advance, new opportunities and challenges for simulation design will likely emerge. Nonetheless, our
study suggests that building useful LLM agent simulation systems requires shifting focus from technical sophistication
toward institutional alignment. The path from technological demonstration to institutional impact runs not only through

better models, but through deep engagement with the organizational and political logics of policymaking itself.

8 Conclusion

In this paper, we presented a year-long iterative design of an LLM agent simulation system with a university emergency
preparedness team, showing how participatory engagement enabled simulations to move from academic demonstrations
to institutionally integrated tools. Our findings demonstrate that usefulness arose not from technical fidelity alone, but
from design practices that helped build trust and utility gradually. By tracing this pathway, we conclude with design
implications for practitioners at the intersection of HCI, Al and policymaking: begin with validation-feasible domains,
treat imperfections as opportunities to elicit expertise, and set a design focus on simulation and policy implementation
together.

As famously observed in statistics, “All models are wrong, but some are useful” [12]. Our study examines how LLM

agent simulations can be designed to be useful for policy, not by claiming predictive certainty, but by aligning technical
Manuscript submitted to ACM



20

Li et al.

possibilities with institutional needs. This work provides a stepping stone for harnessing emerging Al capabilities in

service of human well-being through more effective policy implementation.
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A Appendix

A.1 Co-creating Stakeholder Maps and Process Maps

Fig. A1. Developers and policymakers P71 collaboratively co-creating a stakeholder map and process map during a policy meeting.
The session supported knowledge elicitation of roles, responsibilities, and workflows in emergency preparedness.
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Fig. A2. Stakeholder map of emergency preparedness and response at the university, co-created with policymakers to identify actors,
roles, and relationships shaping decision-making and information flows during crises.
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Fig. A3. Process diagram of emergency preparedness and response at the university, documenting sequential phases from preparedness
planning to active response and recovery, and highlighting interdependencies among roles.
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Fig. A5. Process diagram of emergency preparedness and response tailored for unrest or bomb threat scenarios, showing decision
pathways for lockdowns, communication flows, and coordination with law enforcement.

A.2 System Description: Iteration 1

A.2.1 Misinterpretation Simulation System. The simulation system implements a multi-stage pipeline designed to
evaluate how university announcements may be misinterpreted by students with diverse cognitive and behavioral
characteristics. The system operates through four primary phases: agent generation, message creation, interpretation
simulation, and misinterpretation assessment.

Agent generation and characterization. The system begins by generating a diverse population of simulated
students, each represented as an agent with distinct personal characteristics. Each agent is assigned a randomized
name and a detailed persona that encompasses various psychological and behavioral traits. The persona specifications
explicitly include the individual’s propensity for misinterpreting information, ranging from highly analytical students
who carefully parse communications to individuals who may jump to conclusions or misread contextual cues. Additional
persona elements may include academic background, stress levels, prior experiences with institutional communications,
attention to detail, and emotional reactivity patterns.

Message corpus development. In parallel to agent creation, the system generates a corpus of representative
university announcement messages. These messages are designed to reflect typical institutional communications that
students might receive, spanning various topics such as policy changes, event notifications, academic deadlines, or
administrative updates.

Interpretation and reaction simulation. The core simulation phase involves exposing each generated agent to
each message in the corpus. For every agent-message pair, the system simulates the student’s cognitive processing
by generating two outputs: an interpretation of the message based on the agent’s persona, and a behavioral reaction
stemming from that interpretation. The interpretation represents the agent’s internal understanding of the message
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content, filtered through their individual characteristics and biases. The reaction component captures how the student
would likely respond to the message given their specific interpretation and personality traits.

Misinterpretation scoring and assessment. Following the interpretation simulation, the system employs an
independent assessment mechanism to evaluate the degree of misinterpretation present in each agent’s response. This
assessment compares the agent’s interpretation and reaction against the original message content to assign a numerical
misinterpretation score. The scoring system operates on a scale from zero to one hundred, where zero indicates perfect
comprehension and one hundred represents complete misunderstanding of the intended message.

Extreme response generation. For cases where the misinterpretation score exceeds a threshold value, indicating
significant misunderstanding, the system generates an additional extreme reaction scenario. This component simulates
how the student might respond if their misinterpretation led to heightened emotional or behavioral responses, providing

insight into potential worst-case scenarios for communication failures.

Algorithm 1 Pseudo Script: Misinterpretation Simulation System

Require: Number of agents N, Number of messages M
Ensure: Misinterpretation analysis results for all agent-message pairs
1: Phase 1: Agent and Message Generation
2 A« {} > Initialize agent set
3 fori=1— Ndo
4 name; < GenerateRandomName()
5 persona; < GeneratePersona(misinterpretation_tendency)
6: A «— AU {(name;, persona;)}
7: Messages « GenerateMessageCorpus(M) > Generate university announcements
8: Phase 2: Interpretation Simulation
9: Results « {} > Initialize results storage
10: for all message; € Messages do
11: for all agent; € A do

12: interpretation; j < SimulateInterpretation(agent;, message;)

13: reaction; j < SimulateReaction(agent;, message;, interpretation; ;)

14: Phase 3: Misinterpretation Assessment

15: score; j < AssessMisinterpretation(message;, interpretation; j, reaction; j)

16: Phase 4: Extreme Response Generation

17: if score; j > threshold then

18: extreme;j < GenerateExtremeReaction(agent;, message;, interpretation; ;)

19: else

20: extreme;j < 0

21: Results[j] « Results[j] U {(agent;, interpretation; j, reaction; j, score; j, extreme;;)}
return Results > Complete misinterpretation analysis dataset

A.2.2  Propagation Simulation System. The LLM agent simulation framework implements a multi-agent system designed
to model information propagation and collective decision-making behaviors in response to security-related scenarios.
The system consists of three core components: autonomous agents with individual personas, information diffusion
mechanisms, and environmental orchestration.

Agent architecture and decision-making. Each agent possesses a unique identity with a name and detailed
persona that influences their decision-making patterns. Agents operate through a structured three-phase decision
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pipeline when processing information. In the decision phase, agents evaluate all received information using their
persona and accumulated knowledge to determine their reaction from three possible states: idle behavior, active
information spreading, or evacuation from the simulation. When agents choose to spread information, they enter an
action phase where they generate original content based on their understanding of the situation and their personal
characteristics. Finally, agents undergo an update phase where they incorporate feedback about simulation outcomes
into their knowledge base, enabling learning and adaptation for future scenarios.

The agent decision-making process utilizes large language models with structured prompts tailored to each agent’s
persona. Agents maintain separate conversation histories for each decision type, ensuring contextual consistency while
preventing interference between different cognitive processes. The reward mechanism allows agents to accumulate
insights from environmental feedback, creating memory effects where past experiences influence future behavior
patterns. Agents can transition between active and inactive states, with evacuation representing a permanent withdrawal
from the simulation.

Information diffusion mechanisms. The system implements two distinct diffusion strategies to study the effects
of content moderation on information propagation. The moderated diffusion approach intercepts all agent-generated
content and applies standardized warning labels indicating potential misinformation before distribution. Specifically,
content is prefixed with explicit warnings stating “WARNING: This piece of content might contain misinformation”
followed by the original agent message. The unmoderated diffusion approach transmits agent-generated content without
any modification, serving as a control condition.

Both diffusion mechanisms employ identical probabilistic distribution patterns. When an agent selects the spreading
action, the diffusion system randomly samples 70% of all agents in the simulation as recipients for the generated content.
This sampling approach creates realistic information propagation patterns where content does not reach the entire
population simultaneously. The 70% coverage rate ensures substantial information spread while maintaining realistic
constraints on individual agent reach within social networks.

Environmental coordination and scenario management. The environmental system orchestrates complex
multi-round simulations through structured scenario scripts that define information injection patterns, timing, and
feedback mechanisms. These scripts specify which agents receive initial information, the source attribution for credibility
modeling (such as news organizations or individual sources), and the specific content payloads representing rumors,
official announcements, or other information types.

Simulation execution proceeds through discrete rounds where the environment first distributes scripted information
to designated agent subsets. Active agents then process their inputs and make decisions according to their decision
pipeline. Any agents choosing to spread information generate content that enters the diffusion mechanism, creating
secondary information waves that become inputs for subsequent rounds. This process continues until all scripted
rounds complete, generating cascading information effects throughout the agent population.

The system implements section-based feedback where agents receive environmental outcomes based on their final
states at the end of each scenario section. Agents learn whether their decisions were appropriate given the actual nature
of the security threat, enabling behavioral adaptation across multiple scenario sections.

Information propagation dynamics and network effects. Information flow within the system emerges or-
ganically from agent decisions rather than following predefined network topologies. The system creates dynamic
communication networks where information pathways form based on which agents choose to spread content and
which agents are randomly selected as recipients. This approach models realistic social media environments where

information sharing creates temporary communication channels between individuals.
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The propagation mechanism generates compound effects where initial information triggers multiple rounds of
agent responses, decisions, and subsequent information generation. Agent-generated content influences recipient
decision-making, potentially creating viral information cascades where rumors or alerts spread exponentially through
the population. The random sampling approach ensures that different agents may receive different combinations of

information, leading to diverse response patterns and realistic heterogeneity in population-level outcomes.

Algorithm 2 Pseudo Script: Propagation Simulation System

Require: A ={aj,ay,...,a,} > Set of agents with personas
Require: S > Scenario script with sections and rounds
Require: D > Diffusion mechanism (moderated or unmoderated)

1: Initialize all agents a; with personas, decision histories, and reward sets

2: Set all agent states to ACTIVE

3: for each section s in S do

4 propagated_info «— 0

5 for each round r in s do

6 current_round_actions «—

7: round_inputs « Combine(r, propagated_info) > Merge scripted and propagated info
8 for each agent a; € A where state(a;) = ACTIVE and g; has inputs do

9 inputs; < round_inputs|a;]

10: context < BuildContext(a;.persona, a;.rewards, inputs;)

11: decision; « LLMCall(a;.decision_history, context)

12: if decision; = SPREAD then

13: content; «— LLMCall(a;.action_history, context)

14: Add {role : a;.name, content : content;} to current_round_actions
15: else if decision; = EVACUATE then

16: state(a;) «— INACTIVE

17: propagated_info «— 0

18: for each action act in current_round_actions do

19: recipients « RandomSample(A, 0.7 X |A]) > 70% coverage
20: if D is moderated then

21: content «— "WARNING: misinformation. " + act.content

22: else

23: content « act.content

24: Add {recipients : recipients, source : act.role, content : content} to propagated_info
25: if s is not the last section then

26: for each agent g; € A do

27: result; « GetSectionResult(s, state(a;))

28: knowledge «— LLMCall(a;.update_history, BuildUpdateContext(result;))
29: a;.rewards < knowledge

30: Clear agent histories and reset state(a;) < ACTIVE

A.3 System Description: Final Iteration

A.3.1 Agent Population Generation. The simulation employs a two-stage persona generation process to create
realistic and diverse agent populations representing commencement attendees. The first stage generates individual
student personas through parallel API calls to language models, while the second stage creates accompanying family

and friend personas for students requiring social connections.
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Student persona generation operates across ten academic disciplines with predetermined enrollment distributions,
totaling 2,928 base student personas. Each generation request includes the academic major as context to produce
discipline-appropriate background profiles. The system generates an additional 44 students with accessibility require-
ments, distributed proportionally across all academic programs.

The persona generation algorithm assigns unique demographic characteristics including names, detailed background
descriptions encompassing academic interests and personal circumstances, accessibility requirements, and group
affiliation patterns. Students with accessibility needs receive explicit mobility considerations that influence their
movement parameters during simulation execution.

The second generation stage creates social network structures through a stratified assignment process. The system
randomly partitions the 2,928 students into three categories: 2,000 students who attend with family members or friends
(requiring additional persona generation), 800 students who form friend groups with other students, and 128 students
who attend individually. For the family/friend category, the system generates between 1-8 additional personas per
student using targeted prompts that specify relationship types and demographic coherence with the primary student.

Friend group formation employs stochastic clustering with group sizes ranging from 3-10 members, randomly
sampling from the designated student pool until all members receive group assignments. Each generated group
establishes bidirectional membership lists that define communication channels and decision-making units during
simulation execution.

The complete population generation process produces approximately 13,000 total agents with explicit social network
topologies, realistic demographic distributions, and heterogeneous accessibility requirements that directly influence

simulation behavior patterns.

A.3.2  Agent Architecture and Initialization. The simulation instantiates individual agents representing commencement
attendees, each configured with distinct behavioral parameters and social network affiliations. Each agent maintains a
comprehensive profile including demographic information, academic major, accessibility requirements, and explicit
group membership identifiers that define their social connections within the simulation.

The system categorizes agents into four distinct behavioral classes that determine their decision-making protocols:
students with family and friends outside the stadium, students with friends inside the venue, students attending alone,
and family members or friends of graduates. These classifications directly influence the agent’s response patterns and
group interaction capabilities.

Agent initialization occurs at predetermined coordinates within a 2400x1200 pixel discrete coordinate system
representing the stadium layout. The coordinate space encompasses geometrically defined regions including eight
numbered seating sections arranged in a 2x4 grid, interconnecting pathways with specified widths, designated family
and accessibility areas positioned along the stadium perimeter, a central rectangular stage obstacle, and four exit points
located at coordinates (20,20), (2380,20), (20,1180), and (2380,600).

Each agent operates with a 20-pixel visibility radius for environmental detection and maintains internal state variables
tracking their current position, movement target coordinates, decision history, and group chat message logs. The system
assigns each agent an accessibility flag that modifies their movement parameters and a visibility radius parameter that

determines their environmental awareness range.

A.3.3  Decision-Making Process and Response Formats. The simulation implements two distinct decision-making
protocols differentiated by agent classification and social context. Non-student-alone agents participate in structured

group discussion rounds using a multi-field response format that captures both individual decision state and social
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Algorithm 3 Commencement Emergency Response Simulation System (Part 1: Initialization & Population)

1: procedure INITIALIZESIMULATION

2 canvas < Create2DSpace(2400, 1200)

3 stadium_features « DefineStadiumLayout()
4: coordinators < PlaceCoordinators(50, canvas)
5 agents — GenerateAgentPopulation()

6 round < 0

7 return agents, canvas, coordinators

8: procedure GENERATEAGENTPOPULATION

9: students «—

10: for major in {Engineering(720), Business(240), ...} do
11 personas < GeneratePersonasAsync(major)

12: students < students U personas

13: population « CreateSocialNetworks(students)

14: return population

15: procedure CREATESOCIALNETWORKS(students)
16: others_list, friends_list, alone_list < RandomPartition(students, [2000, 800, 128])

17: for student in others_list do

18: family_count < Random(1, 8)

19: family <« GenerateFamilyPersonas(student, family_count)
20: SetGroupMembership(student U family)

21: for remaining in friends_list do

22 group_size < Random(3, 10)

23: group « Sample(remaining, group_size)

24: SetGroupMembership(group)

25: return others_list U friends_list U alone_list

communication. These agents generate responses containing a boolean decision indicator, an optional destination
selection from a predefined enumeration of twelve possible locations, and a natural language message for intra-group
communication.

The destination enumeration includes four exit locations (Exit 1 through Exit 4), five stadium region descriptions
(North/South/West/East track areas, South bleachers area), and three social gathering areas (West/East family and
friends areas, West seating sections area). Each destination maps to specific coordinate generation algorithms that
produce either fixed exit coordinates or randomized positions within defined regional boundaries.

Student-alone agents bypass group consultation mechanisms and utilize a simplified response protocol that produces
only a destination selection without accompanying social messaging. This streamlined process eliminates group
coordination overhead while maintaining equivalent environmental input processing.

Both decision protocols receive identical contextual information packages generated through environmental analysis
algorithms. These packages contain structured descriptions of the agent’s current stadium location, enumerated nearby
physical features within the visibility radius, directional and distance information for all visible agents, coordinator
proximity notifications with specific exit recommendations, and ranked distance calculations to all four exits with

cardinal direction indicators.

A.3.4 Environmental Context Generation. The simulation constructs detailed environmental descriptions through

systematic analysis of agent position relative to stadium features and other attendees. The context generation algorithm
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first identifies the agent’s current location by testing point-in-rectangle containment against all defined stadium features,
producing location-specific descriptions that vary based on feature type.

For agents positioned within seating sections, the system calculates row and column positions using coordinate offset
arithmetic and unit spacing parameters. Agents on pathways receive directional information about pathway endpoints
and connecting features. The algorithm generates specialized descriptions for agents in family areas, accessibility zones,
or open spaces between major features.

Proximity detection operates through distance calculations between agent positions and all stadium features, filtering
results by the agent’s visibility radius. The system computes cardinal directions using arctangent calculations and
maps angular ranges to eight-direction compass bearings. Distance measurements undergo categorical classification
into descriptive ranges: extremely close (less than 50 pixels), near (50-150 pixels), moderately far (150-400 pixels), far
(400-800 pixels), and very far (greater than 800 pixels).

The system performs comprehensive exit ranking by calculating Euclidean distances from the agent’s position to all
four exit coordinates, sorting results by proximity, and generating formatted descriptions that include both distance
categories and directional bearings. This exit information provides agents with consistent spatial orientation data for

navigation decision-making.

Algorithm 4 Commencement Emergency Response Simulation System (Part 2a: Main Loop Core)

1: procedure SIMULATIONMAINLOOP(agents, canvas, coordinators)
2 while Jagent € agents : agent.state # EXITED do

3: round < round + 1
> Phase 1: State Transition Analysis
4: resumed_agents < CheckGroupArrivals(agents)
5: influenced_groups < CheckCoordinatorInfluence(agents, coordinators)
6: ResetInfluencedGroups(influenced_groups)
> Phase 2: Decision Processing
7: discussing_agents < {a € agents : a.state = DISCUSSING}
8: decisions « ProcessDecisionsConcurrently(discussing_agents)
9: UpdateAgentStates(decisions)
> Phase 3: Movement Processing
10: moving_agents < {a € agents : a.state = MOVING}
11: density_map < CalculateDensity(moving_agents)
12: ExecuteMovement(moving_agents, density_map)
13: CheckDestinationArrivals(moving_agents)
> Phase 4: Data Logging
14: LogRoundData(round, agents, decisions)

A.3.5 Movement Mechanics and Pathfinding. Agent movement operates through a coordinate-based pathfinding system
that translates abstract destination selections into specific target coordinates and executes movement through obstacle-
aware navigation algorithms. The destination resolution process maps each of the twelve possible destination types
to coordinate generation functions that produce either deterministic exit positions or stochastic coordinates within
defined regional boundaries.

Regional destinations employ bounded random coordinate generation with feature-aware constraints. For example,
"North side of the stadium, track area" generates coordinates within the northern boundary rectangle while explicitly

avoiding intersection with the central stage obstacle through point-in-rectangle collision detection.
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The movement calculation system processes agent motion through a multi-stage algorithm that accounts for
movement constraints, obstacle avoidance, and environmental factors. Base movement speed varies according to agent
characteristics: standard agents move at 24 pixels per round, accessibility-flagged agents move at 16 pixels per round,
and all agents receive speed modifications based on environmental conditions.

Density-based speed adjustment operates through a graduated reduction system that counts nearby agents within a
configurable radius and applies speed penalties. The algorithm maintains maximum speed when fewer than 4 agents
occupy the proximity zone, linearly reduces speed as nearby agent count increases toward 30 agents, and enforces
minimum speed thresholds to prevent complete movement cessation in crowded conditions.

Coordinator proximity provides speed enhancement, increasing movement rates to 32 pixels per round for standard
agents and 16 pixels per round for accessibility agents when within 50 pixels of any coordinator entity. This mechanism
simulates urgency responses to authority figure instructions.

The pathfinding algorithm implements vector-based movement with obstacle sliding behavior. The system calculates
unit vectors toward target coordinates, detects intersection points with obstacle boundaries using line-segment-rectangle
intersection calculations, and applies sliding movement along obstacle edges when direct paths are blocked. Special

handling prevents agents from entering the stage area unless they begin their movement within that region.

A.3.6 Coordinator Influence and Behavioral Modification. The simulation deploys 50 coordinator entities at predeter-
mined strategic positions throughout the stadium layout, each configured with specific exit recommendation parameters.
Coordinator placement follows a spatial distribution pattern: northern coordinators recommend Exit 1, southern coordi-
nators suggest Exit 3, with positioning designed to provide coverage across major circulation areas including pathway
intersections, seating section perimeters, and family gathering zones.

The coordinator influence mechanism operates through proximity detection coupled with destination conflict analysis.
When agents enter the 50-pixel influence radius around any coordinator, the system compares the agent’s current
destination against the coordinator’s programmed exit recommendation. Destination mismatches trigger the influence
protocol, which applies probabilistic behavioral modification based on a configurable reaction probability parameter.

Upon influence activation, the system implements group-level behavioral reset mechanisms. For student-alone agents,
the influence directly affects the individual agent. For group-affiliated agents, the influence cascades to all members
of the agent’s social group, regardless of their individual proximity to coordinators. This collective influence model
simulates realistic group decision-making dynamics where authority recommendations affect entire social units.

The behavioral reset process transitions all affected agents from their current movement or waiting states back to
discussion state, clears their existing destination selections and movement targets, and injects the coordinator’s exit
recommendation into their next decision-making round as environmental context. The system tracks these influence
events in the simulation log with detailed records of affected agents, original destinations, coordinator suggestions, and

agent positions at the time of influence.

A.3.7 State Management and Group Coordination. Agent state management operates through a four-state finite state
machine with explicit transition conditions and group synchronization mechanisms. The states comprise: discussing
(participating in decision-making rounds), moving (navigating toward selected destinations), waiting (paused at
intermediate destinations), and exited (reached final exit and removed from active simulation).

The group coordination system maintains data structures tracking destination selections and arrival status for each
social group, identified by sorted member ID tuples. When agents select destinations, the system records both the
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Algorithm 5 Commencement Emergency Response Simulation System (Part 2b: Coordinator Influence & Decisions)

1: procedure CHECKCOORDINATORINFLUENCE(agents, coordinators)
2 influenced_groups «— 0

3 for agent in {a € agents : a.state = MOVING} do

4 for coord in coordinators do

5 if Distance(agent.position, coord.position) < 50 then

6 if agent.destination # coord.suggested_exit then

7 if Random() < 0.5 then

8 influenced_groups < influenced_groups U {agent.group}

R

return influenced_groups

10: procedure PROCEsSSDECISIONSCONCURRENTLY(discussing_agents)

11: tasks «— 0

12: for agent in discussing_agents do

13: context « GenerateEnvironmentalContext(agent)

14: if agent.type = student_alone then

15: task « CreateDecisionTask(agent, context)

16: else

17: group_messages < GetGroupChatHistory(agent.group)

18: task « CreateDiscussionTask(agent, context, group_messages)
19: tasks < tasks U {task}

20: responses <— ExecuteTasksConcurrently(tasks, max_concurrent=2000)
21: return responses

22: procedure GENERATEENVIRONMENTALCONTEXT(agent)

23: current_location « IdentifyStadiumFeature(agent.position)

24: nearby_features < FindFeaturesInRadius(agent.position, 20)

25: nearby_agents <« FindAgentsInRadius(agent.position, 20)

26: exit_rankings « RankExitsByDistance(agent.position)

27: coordinator_info < CheckCoordinatorProximity(agent.position)

28: description «— GenerateNaturalLanguageDescription(

current_location, nearby_features, nearby_agents,
exit_rankings, coordinator_info)
29: return description

choice and the selecting agent in group-specific tracking tables. As agents reach their target coordinates (determined by
Euclidean distance calculations with a 50-pixel tolerance threshold), the system updates arrival status records.

Automatic discussion resumption occurs when all group members who selected identical intermediate destinations
successfully arrive at those locations. The coordination algorithm periodically scans all tracked groups, identifies
destinations where the set of selecting agents equals the set of arrived agents, and transitions all relevant agents from
waiting state back to discussing state. This mechanism ensures group cohesion during multi-stage navigation without
requiring explicit coordination messages.

Special handling accommodates student-alone agents who bypass group coordination requirements. These agents
automatically transition from waiting to discussing states without requiring group member synchronization, preventing

indefinite waiting conditions for agents without social dependencies.

A.3.8 Round-Based Execution and Concurrency Management. The simulation operates through discrete round-based
execution cycles that process agent decisions and movements in structured phases. Each round begins with state
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transition analysis, identifying agents eligible for discussion resumption based on group arrival status and processing
coordinator influence effects on currently moving agents.

The discussion processing phase handles all agents in discussing state through concurrent API request management.
The system implements semaphore-based concurrency control with configurable limits (defaulting to 2000 concurrent
requests) and rate limiting mechanisms to manage external language model API interactions. Discussion tasks execute
asynchronously with timeout handling and retry logic for failed requests.

Response processing extracts structured decision data from language model outputs, updates agent internal states
based on destination selections, and maintains group chat message histories for subsequent rounds. The system
validates destination selections against the predefined enumeration and applies fuzzy string matching to handle
response variations.

Movement processing operates on all agents in moving state simultaneously, calculating density-based speed
adjustments through spatial proximity analysis and updating agent coordinates via pathfinding algorithms. The system
performs destination arrival checking after position updates and transitions agents to appropriate successor states
based on destination types (exits trigger exited state, intermediate locations trigger waiting state).

Data logging captures comprehensive round information including agent positions, state classifications, group
messages, individual decisions, coordinator influence events, and API interaction statistics. The system maintains both
in-memory state for active simulation processing and persistent JSON output for subsequent analysis, with intermediate
result saving to prevent data loss during extended simulation runs.

The simulation continues until all agents reach exited state or a predefined maximum round limit is exceeded,

providing natural termination conditions for both successful evacuation scenarios and extended simulation studies.

Algorithm 6 Commencement Emergency Response Simulation System (Part 3a: Movement & Speed)

1: procedure EXECUTEMOVEMENT(moving_agents, density_map)

2 for agent in moving_agents do

3 nearby_count « density_map| agent.id)

4: speed « CalculateAdjustedSpeed(agent, nearby_count)

5 new_position < PathfindToTarget(agent.position, agent.target, speed)
6 agent.position «<— new_position

7. procedure CALCULATEADJUSTEDSPEED(agent, nearby_count)

8 if agent.accessibility = true then

9: base_speed «— 16, min_speed «— 4.8
10: else

11: base_speed «— 24, min_speed «— 6.4
12: if CoordinatorNearby(agent) then

13: base_speed < base_speed X 1.33

14: if nearby_count < 4 then

15: speed_factor «— 1.0

16: else if nearby count > 30 then

17: speed_factor < 0.0

18: else

19: speed_factor < 1.0 — %
20: adjusted_speed < max(min_speed, base_speed X speed_factor)
21: return adjusted_speed

Manuscript submitted to ACM



36 Li et al.

Algorithm 7 Commencement Emergency Response Simulation System (Part 3b: Pathfinding & Arrivals)

1: procedure PATHFINDTOTARGET(current, target, speed)

2 direction < UnitVector(target — current)

3 intended < current + direction X speed

4 obstacles «— GetStadiumObstacles()

5 for obstacle in obstacles do

6 intersection < LineRectangleIntersection(current, intended, obstacle)
7 if intersection # null then

8 intended < ApplyObstacleSliding(intersection, obstacle, speed)

9: return ClampToCanvas(intended)
10: procedure CHECKDESTINATIONARRIVALS(moving_agents)
11 for agent in moving_agents do
12: if Distance(agent.position, agent.target) < 50 then
13: if agent.destination is Exit then
14: agent.state < EXITED
15: else
16: agent.state «— WAITING
17: RecordGroupArrival(agent.group, agent.destination, agent.id)
18: procedure CHECKGROUPARRIVALS(agents)
19: resumed «— 0
20: for group in GetAllGroups(agents) do
21: for destination in GetGroupDestinations(group) do
22 chosen «— GetAgentsWhoChose(group, destination)
23: arrived «— GetAgentsWhoArrived(group, destination)
24: if chosen = arrived A |chosen| > 0 then
25: for agent_id in arrived do
26: agent <« GetAgent(agent_id)
27: agent.state < DISCUSSING
28: resumed «— resumed U {agent}
29: ClearDestinationTracking(group, destination)
30: return resumed
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