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ABSTRACT

Complex cognitive, emotional, and social processes shape human evacuations dur-
ing natural disasters. Accurate modeling and understanding of human behavior in
disasters or emergencies can greatly impact the evacuation process by informing
more effective planning and resource allocation. However, collecting human data
in these situations is very difficult, and existing computational evacuation models
assume rational, homogeneous behavior, leading to unrealistic, overly optimistic
predictions. To address this gap, we present a simulation framework of sequential
human decision-making during an evacuation scenario, introducing cognitively
grounded, persona-driven agents. Our framework models evacuation behavior in
a grid-based urban environment that evolves over time, capturing fire and other
hazards. Human agents are modeled as personas that make sequential decisions
in response to environmental stimuli with cognition structured in three levels:
high-level evacuation goals, mid-level route reasoning, and low-level navigation.
Decision-making is driven by large language models (LLMs) coupled with a cog-
nitive module and calibrated with empirical human evacuation data. We propose a
dynamic, stimulus-driven disaster simulation framework that models human evac-
uation decision-making using persona-conditioned LLM agents and a cognitive
hierarchy.

1 INTRODUCTION

Inefficient or delayed evacuations during natural disasters result in preventable fatalities. Humans
often fail to evacuate promptly due to confusion, misjudgment, or a lack of clear guidance. Disaster
response is not purely driven by infrastructure or disaster severity; instead, human behavior is a key
determinant of successful evacuation. Decades of research show that humans rarely behave as ra-
tional, utility-maximizing agents (1), especially in high-stress situations, such as disaster scenarios
(2; 3). Empirical evacuation studies document behavioral delays, gathering of belongings, assisting
neighbors or family members, strong attachments to property and pets, and the misinterpretation
of environmental cues (4; 5). These behaviors are further influenced by emotional responses, such
as panic or stress, and cognitive biases, such as familiarity seeking in route decision planning or
mistrust in alarms (6). Moreover, vulnerable populations, including the elderly, disabled, and those
living with dependents, are disproportionately affected, yet are often underrepresented or homoge-
nized in computational models.

Despite extensive study of human behavior in disaster scenarios, existing simulations assume ideal-
ized behavioral patterns (2). These assumptions lead to suboptimal results when incorporated into
search-and-rescue technologies, such as drones or other robotic systems, leading to failures when
deployed in real-world scenarios (7; 8). Consequently, there is a pressing need for simulation frame-
works that model heterogeneous social and cognitive decision-making as it evolves over time.

Recent advances in large language models (LLMs) offer new opportunities to emulate diverse human
behavior. However, existing work using heuristics, rule-based systems, or learning-based methods
typically focus on one-shot output. As a result, they fail to capture the sequential, time-varying
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nature of evacuation behavior where decisions unfold over minutes, hours, or days, influenced by
both social context and dynamic environmental conditions.

In this work, we introduce a simulation framework for modeling human behavior during disaster
evacuation using persona-conditioned LLM agents embedded in a dynamic urban environment.1 The
framework enables realistic, long-horizon evacuation modeling by coupling cognitively informed
LLM decision-making with environments driven by external stimuli such as hazard progression and
limited observability. Beyond behavior modeling, the framework supports applications including
emergency resource allocation, evacuation strategy evaluation, alarm system design, urban plan-
ning, worst-case scenario analysis, and the testing of human–robot interaction strategies for rescue
robotics. Our contributions are as follows:

1. A persona decision-making framework that incorporates empirical evacuation factors in-
formed by survey data (9) and traditional Protection Action Decision Model (PADM)
frameworks, implemented through LLM agents whose decisions better reflect realistic hu-
man tendencies (See Appendix A).

2. A lightweight, easy-to-deploy simulator that captures agent mobility and sequential
decision-making in an urban environment with dynamic external stimuli.

3. A cognitively inspired modeling strategy that leverages LLM reasoning through API calls
and multi-level planning to enable long-horizon simulations of diverse, evolving human
behavioral responses.

2 RELATED WORK

2.1 HUMAN BEHAVIOR IN DISASTERS

Human behavior during disasters is irrational, heterogeneous, and difficult to predict, yet it plays a
decisive role in the outcome of evacuation and rescue operations (4). Factors such as risk percep-
tion, social influence, emotional responses (e.g., panic, stress, hesitation), and resource or physical
constraints all shape how and when people choose to act (2). These behaviors can lead to delayed or
inefficient evacuations, sometimes with catastrophic consequences (3). Accurate simulation of evac-
uation is therefore essential for planning and technology design, but current modeling approaches
and data are limited.

Some evacuation models assume rational actors or focus narrowly on static route optimization and
ignore assumptions such as (1) evolving environments, (2) cognitive and emotional variability in
response to group dynamics and external stimulus, and (3) partial observability of evacuees. To
advance evacuation planning, there is a need for models that capture how dynamic environments
and social interactions influence human decision-making and generate a range of possible scenarios.

2.2 TRADITIONAL RULE-BASED METHODS

Agent-Based Modeling (ABM) is a widely used approach for simulating multi-agent systems gov-
erned by predefined rules, enabling the study of emergent collective behavior, and has been exten-
sively applied to evacuation modeling (10). In this context, ABMs have been used to represent
agent navigation, local interactions, communication, social influence, and deviations from rational
behavior such as panic (11; 12). These models enable quantitative analysis of evacuation outcomes,
including congestion, bottlenecks, and evacuation times. Despite these strengths, most ABM ap-
proaches rely on fixed rule-based or parametric decision logic, which limits their ability to capture
adaptive, sequential, and context-dependent human decision-making under rapidly evolving disaster
conditions (13).

2.3 DATA-DRIVEN METHODS

Prior work has employed data-driven approaches, including survey and GPS-based mobility data,
to study evacuee decision-making and movement patterns during real-world fire events (14; 15; 16).
These datasets enable high-level analysis of evacuation flows, particularly at the city scale, but

1Code is available at github.com/lucaswaldburger/hierarchical LLM agents.
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individual-level route choices are often unavailable due to privacy constraints. As a result, fine-
grained evaluation of evacuation behavior across diverse demographic profiles remains limited.

To mitigate these data limitations, Snopkova et al. introduced a controlled virtual-reality dataset
capturing individual evacuation route choices, decision times, and route decisions in intersections
(9). Complementary work has leveraged mixed-reality environments to collect fine-grained human
evacuation behavior, including detailed mobility trajectories and routing decisions under simulated
fire conditions (17). While the generalizability of such datasets to real-world environments requires
further validation, they provide valuable empirical insight into human decision-making processes
during evacuation. However, collecting high-fidelity human behavioral data remains costly and
difficult to scale.

2.4 HYBRID APPROACHES

Previous studies have explored how LLMs can empower the agency of ABM. Park et al. explored
emergent, interactive human behaviors using LLMs (18). Chopra et al. proposed LLM archetypes to
integrate with ABM for large-scale simulations (19). Dai et al. use a persona-aware vision–language
model with chain-of-thought reasoning to generate explainable cyclist safety and comfort assess-
ments from street-view imagery (20). Although LLM-integrated agents are known to diversify hu-
man decision-making, their effectiveness in emergencies remains uncertain, as disasters often elicit
irrational behaviors that are difficult to observe or ethically study. Chen et al. addressed some of
these challenges by combining LLMs, survey data, and reinforcement learning to reduce the mis-
match between behavior theory and LLM predictions (21), but their framework models evacuation
as a binary outcome: deciding to evacuate or not. However, effective disaster response requires
understanding not only whether individuals evacuate, but when and how they do so, as evacuation
unfolds sequentially over hours or days, with highly variable departure times and congestion effects
(14). This motivates a long-horizon modeling approach that captures a sequence of decisions rather
than a single-point choice.

3 METHODS

3.1 SIMULATION ENVIRONMENT

Figure 1: The MiniGrid world with indexed static elements

We model an urban environment
as a discrete-time, 2D grid world
and simulate an evacuation sce-
nario using MiniGrid (22) as
shown in Figure 1. The world
contains static elements such as
buildings or homes, roads, and
parks. Each element can be ac-
cessible or visible to an agent
depending on its public or pri-
vate designation. For example,
an agent’s home is only acces-
sible and visible to that specific
agent, whereas parks and streets
are public and therefore accessi-
ble to all agents. We also model
spatio-temporal objects such as
traffic, fire spreading stochasti-
cally, and smoke, which reduces
an agent’s visibility and may
trigger an emotional response.

We formalize the environment as a finite 2D discrete grid X = {1, . . . ,W −1}×{1, . . . , H−1} ⊂
Z2, where each cell x ∈ X , is assigned a semantic type following a labeling function ℓ : X → L,
The dynamic environment state at time step k is Gk =

〈
Gstatic, Fk, Sk, Tk, ek

〉
, capturing the static
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and dynamic elements of the environment, such as fire spread, smoke, traffic, and external stimuli.
A detailed formulation is provided in Appendix B.1

3.2 PERSONAS

Each agent is modeled as a persona with demographic, cognitive, social, and spatial attributes, which
are passed as conditioning variables to the LLM. These traits influence how agents perceive risk, in-
terpret environmental and social cues, experience delays, prioritize goals, and navigate the environ-
ment. Persona attributes are informed by empirical evacuation literature and the PADM, capturing
heterogeneity in risk perception, trust in alerts, social influence, and pre-evacuation behavior.

Demographic Attributes: Individual characteristics such as name, gender, age, occupation, and
workplace location; and social ties such as friendships, dependents, and propensity to help others.

Cognitive and Behavioral Characteristics: Attributes that shape decision-making during disasters,
informed by the PADM. These include risk perception, threat assessment levels, and sensitivity to
environmental cues (e.g., alarms, smoke, traffic). In addition, we model susceptibility to social
influence (e.g., messages from coworkers or neighbors), likelihood of delaying, ignoring, or acting
on alerts. Lastly, we include personal motivations and priorities (e.g., retrieving a pet or belongings)
such as housing type (renting vs. owning) (16).

Spatial Knowledge and Memory: Familiar routes, known locations, and place-based preferences
that influence navigation.

Persona traits modify every component of the cognitive architecture. They shape the thresholds
for interpreting risk, the urgency of updating goals, trust in alarms, willingness to help others, and
preference for familiar or unfamiliar routes. These traits are fed into LLM prompts so that each
agent responds differently to identical stimuli based on its cognitive and social profile.

Formally, each agent i ∈ M is characterized by a persona ψi =
(
ψi

att, ψ
i
cog, ψ

i
soc, ψ

i
spat

)
, encod-

ing demographic, social, and spatial attributes. The cognitive parameters ψi
cog = (ρi, τ i, θi) are

grounded in the PADM, capturing risk perception, trust in alerts, and threat assessment sensitivity
(see Appendix B.2.1 for the full specification).

3.3 COGNITIVE ARCHITECTURE

We designed a cognitive architecture that enables each agent to interact with the environment and
make human-centered decisions during disasters. Our approach integrates empirical behavioral data
with LLM reasoning to diversify agent responses and model realistic variation across personas. To
achieve this, we construct a cognitive module that simulates the decision-making processes most
relevant to evacuation scenarios, focusing on the aspects of cognition that meaningfully influence
behavior under time pressure and uncertainty. Details of these data sources and how we use the
PADM to inform agent behavior are provided in Appendix A. While individual human responses
vary widely, we approximate this diversity by parameterizing personas according to the characteris-
tics described in Section 3.2.

Perception: Each agent has a finite field of view (FOV) representing how far they can observe in
the environment. This determines which hazards, obstacles, social cues, and environmental changes
they can detect. Perception also determines awareness of other agents, traffic, fire, and smoke.

Memory: The memory module stores key information about the environment and the agent’s past
behavior. This includes spatial memory (e.g., familiar routes, accessible areas in the environment),
their current and past high-level goals, important decisions previously taken, and key hazard ob-
servations. Memory allows agents to maintain continuity in their plan, revise their strategies based
on previous failures, and support behaviors such as returning to dependents or avoiding previously
dangerous areas.

Planning: As described in Section 3.4, we implement a multi-level planning structure that allows
agents to make sequential decisions over time. High-level planning governs intent formation in
response to external stimuli; mid-level planning determines route choices conditioned on risk per-
ception and persona traits; and low-level planning performs short-horizon navigation based on local
observations. This hierarchy reflects how humans adjust plans dynamically as conditions evolve.
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Reflection: Reflection evaluates urgency, weighs competing priorities, and updates goals. With
LLM reasoning, agents consider factors such as whether to trust an alarm, whether to retrieve be-
longings, or whether to stop and help another agent. Reflection serves as the cognitive “check” that
allows goals to be revised when conditions meaningfully change.

Cognitive Loop and Module Interaction: At each timestep, agents operate through a sequential
loop: Perception → Memory → Reflection → Planning → Action, linking environmental observa-
tion, state, urgency assessment, hierarchical decision-making, and execution.

This cycle repeats continuously, enabling agents to adapt their behavior as the disaster evolves. The
full agent state and cognitive module specification are given in Appendix B.2.

3.4 MULTI-LEVEL PLANNING SYSTEM

Our framework uses a multi-level planning system, as in Figure 2, that shows how and when the
LLM is prompted, and at which steps the agents make decisions.

Figure 2: Multi-level decision-making architecture illustrating planner hierarchy, information flow,
and event-triggered decision points.

The high-level planner engages the LLM when an agent experiences an external stimulus. External
stimuli include alarms, official messages, visible smoke thresholds, fire spread, social messages, and
environmental changes such as congestion. These triggers prompt high-level reassessment and may
override routine plans and are typically broadcast to many or all agents. At this level, the LLM
outputs high-level intentions such as ignoring the alert, preparing to evacuate, returning home, or
gathering dependents. These decisions are constrained by spatial feasibility, memory, and reflection-
based urgency assessments. Alternatively, the LLM may output a decision to evacuate immediately
or travel to another location, such as going home to retrieve a pet or prepare belongings. Once a high-
level intention is set, the mid-level planner translates it into route decisions, which are then executed
step-by-step by the low-level navigator. The agent’s policy decomposes as πi = (πi

H , π
i
M , π

i
L),

where πi
H produces a high-level goal gik ∈ GH = {stay,evacuate, . . .}, πi

M selects a route
rik ∈ Ri

k from feasible alternatives, and πi
L executes short-horizon navigation via A* search within

the agent’s field of view. The full hierarchical planner formulation is in Appendix B.4.1.

Mid-level planning captures the agent’s route-selection behavior as it moves through the environ-
ment, guided by perceived risk, threat level, and traditional PADM principles. We condition the
LLM using publicly available behavioral data from (9), enabling the agents to generate actions that
reflect empirically grounded human decision patterns given their observations and persona (see Sec-
tion A). At this stage, the LLM outputs a decision on which street or route to follow; for instance,
some agents favor familiar paths, others respond more strongly to cues such as visible smoke or
congestion, and some exhibit higher risk tolerance that delays protective action. By delegating these
decisions to the LLM, the mid-level planner avoids assuming perfectly rational navigation and in-
stead incorporates persona-specific behavioral variability. Once a direction is chosen, the low-level
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planner executes a short sequence of actions, which is reasonable because over a short horizon,
humans tend to follow efficient local movement until new observations prompt reconsideration.

The low-level planner manages short-horizon navigation constrained by the agent’s FOV. While the
mid-level planner may designate a general direction (e.g., turn right, proceed along a given street),
the agent cannot anticipate obstructions beyond what is locally observable. To capture this uncer-
tainty, movement is restricted to positions within the FOV, and a simple A* search is used to plan
only a few steps. This choice serves as a computational approximation of human local navigation
behavior, where individuals typically follow the most direct visible path and adapt incrementally to
obstacles. The mid and low-level planners aim to improve realism by capturing how decisions evolve
with changing observations and computational efficiency by limiting long-horizon pathfinding.

Beyond environmental cues, agents are also influenced by social interactions, which we model
through a dedicated layer. The social interaction layer captures interpersonal influences that shape
evacuation timing and route choice. These interactions include brief information exchanges, such
as a co-worker warning about smoke or encounters with neighbors, where an agent may decide to
wait, offer help, or exchange additional information depending on their persona.

4 RESULTS

4.1 FIRE DISASTER SCENARIO

Our simulation consists of n−agents in the grid world, where they react to hazards like fire or traffic,
and take actions in an evacuation setting. The fire spreads probabilistically based on the number of
adjacent fire tiles (23). A tile is set on fire if any of its neighboring cells are burning with probability
p = 0.05. Surrounding the fire is smoke, which reduces the FOV size of the agent.

In addition to the disaster, the agent must navigate through dynamic obstacles, such as traffic.
Spatio-temporal density of traffic can be fine-tuned within specific areas in the environment. This
is intended to simulate how traffic might be higher in evacuation zones during a disaster condi-
tion. Throughout the episode, traffic forces the agent to take detours from their original trajectory,
creating congestion that affects route planning and evacuation timing. Together, the fire and traf-
fic produce non-deterministic patterns that test the agent’s decision-making and ability to navigate
changing conditions.

Agents begin with different starting contexts (e.g., at home with family or at a workplace) and
receive external events of varying severity, eliciting heterogeneous responses. For instance, an agent
at work who is risk-prone or exhibits low trust in authorities may choose not to react to an initial
text alert indicating the presence of a fire but advising that evacuation is not yet necessary. As
hazard urgency increases, such as when smoke is close to the agent, the high-level planner triggers
evacuation behavior. Interestingly, persona-based differences emerge naturally among the agents.
The risk-averse agent chooses a familiar park as a safe zone, while the risk-prone agent tends to
remain in place longer unless the danger becomes unmistakable. At the mid- and low-level, agents
dynamically reroute when traffic or fires block their path, exhibiting a preference for familiar streets.
Representative outputs are shown in Figure 3.

Other agents’ behavior outputs shown in Figure 3 confirms alignment with the PADM analysis work-
flow (see Figure 6). The LLM output components, such as the Urgency score, Safety assessment,
and Social/environmental cues, are mapped to the sequential steps of the PADM. For example, in
Step 28, Isabella’s log shows her perception (”heavy traffic near walkable”) affecting the Urgency
score (0.20), which triggers the decision to evacuate and communicate with Klaus. Isabella’s re-
sulting action to move right to avoid the perceived traffic hazard eventually serves as the Low-level
goal. This demonstrates how our model captures the PADM steps from threat and risk perceptions
to behavioral response.

4.2 BEHAVIOR VALIDATION

We evaluated how well agent characteristics align with observed environmental behavior using a
minimal validation scenario. The setup consists of two agents, a risk-prone (blue) and a risk-averse
(red) agent, and a static fire hazard (middle red square). The fire is kept static to reduce episode-to-
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Figure 3: A route-choice tree for Isabella and Klaus based on high (decision), medium (route), and
low-level (action) planners.

episode variance. Given the hazard, each agent must go to their corresponding home, indicated by
pink tiles at the left and right ends of the environment. The risk-averse agent consistently maximizes
its distance from the fire by navigating along the boundary of the simulation before returning home.
In contrast, the risk-prone agent tolerates closer proximity to the fire compared to the risk-averse
agent before rerouting toward a safe location. These results indicate that at a high-level, there is
alignment between the agent’s characteristics and their behavior within the environment, while there
are minor specifications that need to be optimized, likely through improved prompt engineering.

Figure 4: Agent behavior validation. Left: The behavior validation environment where the risk-
averse agent (red) and risk-prone agent (blue) must avoid the fire in the middle and go to either of
the safe zones (pink). Right: Trends in mean fire proximity as a function of time for agents with
different risk profiles.

4.3 SCALABILITY

We sought to quantify how well the current implementation scales as a function of agents in order to
study emergent behaviors in multi-agent systems in disaster scenarios (Figure 5). Since each agent
requires API calls for decision-making, it is important to consider how these computational costs
might affect community-level simulation. We ran the fire disaster simulation over three episodes
with one to five agents. The number of tokens used increases drastically as more agents are placed
in the simulation. The token usage spikes at time steps 10 and 20 when there are three or more
agents in the simulation. This likely coincides with time steps where several agents must plan due to
an external stimulus and thereby make an API call. We also found that the difference in token usage
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Figure 5: Scalability analysis of the multi-agent system. Left: Distribution of total token usage by
the LLM as a function of the number of agents. Middle: Total number of API calls (completions)
required per experiment, grouped by agent count. Right: Cumulative token usage over time steps,
averaged across runs, illustrating how token consumption grows with the addition of more agents.
Each experiment was repeated across 3 episodes.

becomes more volatile as a function of agents since the number of planning steps becomes more
variable. These results indicate that the current implementation has limited scalability. Improved
scalability can be achieved by using an agent archetype, as in Chopra et al. (19) and modifications
to the cognitive architecture.

5 DISCUSSION

Our framework introduces persona-conditioned LLM agents grounded in behavioral theory and em-
pirical evacuation data for modeling sequential human decision-making during disasters. Through
controlled experiments, we demonstrate that persona conditioning yields risk-sensitive behavior
aligned with the PADM: risk-averse and risk-prone agents exhibit statistically distinguishable hazard
proximity profiles (Section 4.2), and LLM output components (urgency scores, safety assessments,
social cues) map onto the sequential PADM stages (Figure 6). A central challenge for quantita-
tive evaluation of agent-level evacuation models is the absence of ground-truth sequential deci-
sion data; existing real-world datasets capture aggregate mobility flows (14) or post-hoc survey
responses (15; 16), not the step-by-step decision traces our model produces. We plan to address
this through distributional validation, comparing simulation outputs such as departure-time curves
and congestion patterns against documented empirical signatures, and by running agents through
the same T-intersection scenarios as human participants in (9) to compare route-choice distribu-
tions quantitatively. The framework is intentionally lightweight, prioritizing rapid iteration and
compatibility with learning-based methods, enabling the study of system-level phenomena such as
congestion formation, evacuation delays, and bottleneck dynamics.
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A HUMAN BEHAVIOR IN DISASTER

We use the following data to build our framework:

• Predictors of evacuation behavior (9): provides empirical data on human route-choice
decisions during fire evacuations in controlled virtual environments, capturing how envi-
ronment cues like corridor width, length, and the presence of other transitioning routes
influence behavior across different groups. Although the study focuses on human par-
ticipants navigating simplified building layouts, we leverage this dataset to abstract key
decision-making tendencies, rather than replicate individual behavior. In our work, these
insights inform how agents with different demographic profiles and risk sensitivities re-
spond to perceived congestion, spatial constraints, and local route preferences. This allows
us to ground the LLM reasoning approach in empirically observed patterns while maintain-
ing scalability and generalization to dynamic evacuation scenarios.

• Human mobility patterns in wildfire (14): offers the geotagged positional data, cap-
turing human movement patterns before (steady state), during (perturbed state), and after
(perturbed state) each wildfire event. This dataset allows for a comparison of mobility char-
acteristics under normal versus disaster conditions. In our project, this dataset influenced
how we modeled our disaster scenario, how far people move during the evacuation phase,
and the length of the horizon for evacuation.

• LLM-based method integrating behavioral theory Protective Action Decision Model
(PADM) (21): utilize data collected from local residents via surveys following wildfire
events. Here, the PADM, which is a core conceptual framework in disaster psychology, is
used to ground the LLM’s reasoning. The final output is based on a binary classification
(yes or no) for individual evacuation choices, which is simple but shows high predictive
accuracy. We refer to their LLM’s plan, such as how to integrate the PADM theory with the
LLM. Considering PADM, a resident agent’s decision-making process focuses on mental
states such as risk perception or threat assessment (Figure 6), especially using prior data
(9) and then selecting relevant variables that influence a resident’s perceptions.

Figure 6: Correspondence between the PADM analysis and the LLM output components used.
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B FORMULATION

B.1 ENVIRONMENT

We model the environment as a finite 2D discrete grid
X = {1, . . . ,W − 1} × {1, . . . ,H − 1} ⊂ Z2,

where each cell x ∈ X represents a spatial unit of the urban area, and W,H ∈ Z>0 are fixed
dimensions.

Each cell is assigned a semantic land-use type via a static labeling function
ℓ : X → L,

where L is a finite set of mutually exclusive categories. We partition L into public types, accessible
to all agents, and private types, accessible only to designated agents:

Lpub = {road, park, safe zone}, Lpriv = {building, workplace, home}.
For each type ℓ ∈ L, we denote the corresponding cell set by Xℓ = ℓ−1(ℓ).

Accessibility and visibility. For a population of agents M = {1, . . . ,M}, we define two binary
predicates for each agent i ∈ M and cell x ∈ X . Let ownsi(x) = 1 if cell x is the private location
assigned to agent i, and 0 otherwise.

• Accessibility: agent i can physically occupy cell x:
accessi(x) = 1

[
ℓ(x) ∈ Lpub

]
∨ 1

[
ℓ(x) ∈ Lpriv ∧ ownsi(x) = 1

]
.

• Visibility: agent i can observe cell x:

visi(x) = 1
[
ℓ(x) ̸= building

]
∨ 1

[
ownsi(x) = 1

]
.

Roads, parks, and safe zones are both accessible and visible to all agents. Private cells (home,
workplace) are accessible and visible only to their assigned agent. Buildings are neither accessible
nor visible to any agent.

Hazard dynamics. For a cell x ∈ X , let N (x) ⊆ X denote the neighborhood of x under a fixed
adjacency relation (e.g., 4- or 8-connectivity). At each discrete time step k ∈ {0, 1, . . . }, let Fk ⊆ X
denote the set of burning cells. Fire spreads stochastically: each cell x /∈ Fk ignites independently
according to

P(x ∈ Fk+1 | Fk) = 1− (1− pf )
|N (x)∩Fk|,

where pf ∈ (0, 1) is the per-neighbor ignition probability. The model assumes fire is permanent:
Fk ⊆ Fk+1. Smoke occupies the traversable cells adjacent to active fire,

Sk = N (Fk) ∩ {x ∈ X : ℓ(x) ∈ Lpub},
where N (Fk) =

⋃
x∈Fk

N (x).

Traffic. At each time step k, traffic is a time-varying occupancy on road cells:

Tk = T exo
k ∪ T agents

k ⊆ Xroad,

where T exo
k represents exogenous background vehicles and T agents

k captures congestion from evacu-
ating agents. In the current instantiation, T exo

k is a time-varying exogenous process parameterized
by a spawn rate and density, and T agents

k = {x ∈ Xroad : |{j ∈ M : cjk = x}| ≥ κ} for a congestion
threshold κ ∈ Z>0.

Environment state. The static environment collects the structural elements:
Gstatic =

〈
X , ℓ, (accessi)i∈M, (visi)i∈M

〉
.

The dynamic environment state at time k is:
Gk =

〈
Gstatic, Fk, Sk, Tk, ek

〉
,

where ek is the set of external stimuli broadcast at time k, such as evacuation orders, alarms, and
social warnings.

11
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B.2 AGENTS

B.2.1 PERSONA

Each agent i ∈ M is characterized by a persona ψi, a fixed attribute vector that conditions all
aspects of perception, memory, and decision-making throughout the simulation:

ψi =
(
ψi

att, ψ
i
cog, ψ

i
soc, ψ

i
spat

)
.

• ψi
att: demographic attributes (age, occupation, housing type, number of dependents).

• ψi
cog = (ρi, τ i, θi): cognitive parameters: risk perception ρi ∈ [0, 1], trust in alerts

τ i ∈ [0, 1], and threat assessment sensitivity θi ∈ [0, 1], grounded in the Protective Ac-
tion Decision Model (PADM).

• ψi
soc: social attributes, including ties to other agents (family, neighbors, coworkers) and

susceptibility to social influence ηi ∈ [0, 1].

• ψi
spat: spatial knowledge, encoding familiar routes and salient locations within X .

B.3 OBSERVATION

At each time step k, agent i does not have access to the full environment state Gk. Instead, it receives
a local observation determined by its current position cik ∈ X and its field of view.

Field of view. The observable set of agent i at time k is

Vi
k =

{
x ∈ X : ∥x− cik∥∞ ≤ ϕik ∧ visi(x) = 1

}
,

where ϕik ∈ Z>0 is the effective field-of-view radius at time k. Smoke reduces observability: letting
ϕibase denote the baseline radius (a function of ψi) and ∆ϕ > 0 a fixed reduction,

ϕik =

{
ϕibase −∆ϕ if cik ∈ Sk,

ϕibase otherwise.

Local observation. The local observation of agent i at time k is the tuple

oik =
(
cik, Gk

∣∣
Vi

k

, ek

)
,

where Gk|Vi
k

denotes the restriction of the dynamic environment state to the observable cells Vi
k, and

ek is the set of stimuli broadcast globally at time k.

B.3.1 MEMORY

Agent i maintains a memory state mi
k that is updated at each time step upon receiving a new obser-

vation:
mi

k = Update(mi
k−1, o

i
k).

The memory state is a structured record comprising:

• Spatial memory mi
spat,k: the cumulative map of observed cells

⋃
k′≤k Vi

k′ , annotated with
cell types, known routes, and locations of salient destinations (home, dependents, safe
zones).

• Hazard history mi
haz,k: the record of observed fire, smoke, and traffic configurations up to

time k.

• Goal history mi
goal,k: the sequence of high-level goals pursued by agent i up to time k.

• Decision history mi
dec,k: the sequence of actions taken and their observed outcomes.

12
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B.4 AGENT STATE

The full state of agent i at time k is:

sik =
(
cik, o

i
k, m

i
k, ψ

i
)
.

Since ψi is fixed and oik is determined by cik and Gk, the agent state is fully characterized by the
triple (cik,m

i
k, ψ

i). The agent’s behavior at each time step is a deterministic or stochastic function
of sik.

B.4.1 COGNITIVE MODULE

The cognitive module governs how agent i maps its current state sik to a decision. It is structured
around two components: an urgency assessment and a hierarchical planner.

Urgency. At each time step k, the agent computes an urgency score uik ∈ [0, 1] that quantifies the
perceived need for immediate protective action:

uik = fcog
(
oik, m

i
k; ψ

i
cog

)
,

where fcog integrates current observations (proximity to fire and smoke, traffic density, incoming
stimuli ek) with memory and persona-conditioned cognitive parameters (ρi, τ i, θi). Concretely,
uik increases with hazard proximity, alarm severity weighted by τ i, and risk perception ρi, and is
modulated by threat assessment sensitivity θi. In our framework, fcog is implemented via LLM
reasoning conditioned on ψi.

Hierarchical planner. The agent’s decision-making (or policy) πi is decomposed in three levels
of planning:

πi =
(
πi
H , π

i
M , π

i
L

)
.

• High-level planner πi
H : activated when uik ≥ θiH or upon receipt of a high-severity stim-

ulus ek. Produces a high-level goal

gik = πi
H

(
sik, u

i
k

)
∈ GH ,

where GH = {stay, evacuate, go-home, gather-dependents, help-neighbor, . . . }
is the discrete set of high-level intents.

• Mid-level planner πi
M : translates the active goal gik into a route decision

rik = πi
M

(
gik, o

i
k, m

i
k; ψ

i
)
∈ Ri

k,

where Ri
k is the set of feasible routes given the agent’s current spatial memory and acces-

sibility constraints. Route selection reflects persona-specific behavioral tendencies such as
familiarity bias and congestion sensitivity, grounded in empirical evacuation data.

• Low-level planner πi
L: executes the current route rik over a short horizon K ∈ Z>0 within

the observable set Vi
k, via shortest-path navigation:

(aik, . . . , a
i
k+K) = πi

L

(
rik, Vi

k

)
,

where each aik ∈ A = {N, S, E, W, stay, interact} is a primitive action.

Cognitive loop. At each time step k, agent i executes the following sequential cycle:

oik
perceive−−−−→ mi

k
assess−−−→ uik

plan−−→ (gik, r
i
k)

navigate−−−−→ aik
act−→ cik+1.

This cycle repeats at every time step, enabling continuous adaptation of behavior as the disaster
evolves.

C LLM USAGE STATEMENT

We used gpt-4.1-mini for the agent action calls through the OpenAI API. We also used
ChatGPT 5.1 to assist in generating the environment JSON files, structuring agent persona files,
and grammar/sentence structure assistance in writing.
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