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Abstract

Climate change is driving more frequent and severe dis-
asters, putting people and infrastructure at risk. Protect-
ing communities requires models that capture both natural
disasters dynamics and how people behave under extreme
conditions. This demo presents RESPOND, a multi-agent
LLM-enhanced platform that jointly simulates natural haz-
ards and human response. RESPOND couples high-fidelity
flood AI forecasting an agent-based model of human behav-
ior. LLM modules improve each agent decision-making, en-
abling context-aware reasoning over alerts, road closures, so-
cial signals, and changing water levels. The system simulates
evacuation flows, resource seeking, and communication pat-
terns producing actionable outputs for emergency manage-
ment, urban planning, and policy. In the live demo one can
run what-if or predicted scenarios, adjust assumptions, and
observe emergent population behavior and risk hot spots in
real time. By tightly coupling dynamic hazards with LLM-
driven multi-agent behavior, RESPOND moves beyond frag-
mented tools and offers a practical, integrated platform for
disaster preparedness and response.

Introduction
The frequency and intensity of natural disasters are rising,
demanding robust and adaptive management strategies to
protect people and infrastructure (Shevchenko et al. 2024;
Taniushkina et al. 2024). Current simulation approaches of-
ten limited as using simplified models of human behavior
and lacking real-time environmental data integration, which
restrict their predictive power in complex, evolving scenar-
ios (Martin et al. 2016). Multi-Agent Systems (MAS) can
model complex disaster settings by representing individuals
(agents) with distinct attributes, decisions, and interactions
capturing emergent behaviors (Dorri, Kanhere, and Jurdak
2018).

This paper presents RESPOND, a demo system that com-
bines MAS, LLMs, and advanced flood forecasting to jointly
simulate hazards and human response. RESPOND pro-
vides high-fidelity, near real-time flood dynamics prediction
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and uses LLM-driven agent cognition to produce realistic,
context-aware decisions at population scale

Related Work
Research in multi-agent systems has long supported disaster
management by simulating evacuation dynamics, coordina-
tion, and communication during crises (Massaguer, Balasub-
ramanian, and Mehrotra 2006). More recently, the integra-
tion of LLMs into agent-based modeling has enabled agents
to reason and communicate in more human-like ways (Gao
2024). Emerging work showcases LLM-driven agents in
large-scale simulations for understanding behavior and so-
cial dynamics (Piao 2025), as well as for decision support in
disaster contexts. These systems advance realism by allow-
ing agents to demonstrate sophisticated cognition and emer-
gent collective behaviors.

In parallel, natural disasters and flood forecasting mod-
els have advanced dramatically, producing high-resolution,
real-time flood depth maps critical for preparedness and re-
sponse (Floodbase 2025). Recent innovations include Large
Multimodal Models (LMMs) for flood-depth estimation
from images (DeepFlood 2025) and LLM–GIS integration
for geospatial analysis.

Unfortunately, a key state-of-the-art gap remains: while
MAS and LLM research improves agent realism, it rarely in-
tegrates dynamic, high-fidelity hazard forecasts into simula-
tions. Conversely, natural disasters forecasting systems gen-
erate rich predictions but lack mechanisms to translate them
into real-time, agent-level behavioral responses that capture
human decision-making under stress (Ma et al. 2025).

RESPOND closes this gap by combining real-time flood
maps with LLM-driven agents to simulate physical, social,
and logistical disaster impacts in a unified testbed.

System Description
RESPOND is a modular platform that simulates the interac-
tion between floods dynamics and human responses through
three core modules.

Flood forecasting and mapping module generates high-
resolution flood-depth maps as the main environmental in-
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Figure 1: RESPOND architecture: interacting agents en-
hanced by LLMs and real-time flood data, produce
population-scale simulations and predictions

Figure 2: RESPOND user interface, simultaneously demon-
strating agents behavior and natural disaster impact.

put. It combines real-time meteorological, river gauge, and
topographic data with hydrological and machine learning
models to simulate water flow and inundation (Okeukwu-
Ogbonnaya et al. 2025).

Multi-agent simulation module represents individuals as
agents, each with unique attributes, goals, and decision-
making processes.

LLM-enhanced agent cognition module equips agents
with advanced reasoning capabilities using LLMs. Unlike
rule-based systems, LLMs let agents interpret unstructured
inputs such as road-closure reports, social media updates, or
official alerts.

Together, these modules create a powerful simulation
where real-time environmental dynamics directly shape
adaptive, human-like population behaviors.

Discussion and Conclusion
Our platform substantially advances disaster preparedness
by integrating dynamic environmental models with realis-
tic human behavior. Unlike traditional simulators, it estab-
lishes a continuous feedback loop between flood forecasting,

multi-agent simulation, and LLM-driven cognition, enabling
adaptive responses to evolving threats (Guo et al. 2024).
This interplay is critical for understanding cascading disas-
ter effects.

RESPOND delivers actionable insights for emergency
managers, urban planners, and policymakers. It can improve
evacuation planning, resource allocation, and communica-
tion strategies, while also supporting resilience planning and
policy evaluation (Ma et al. 2025).

Future directions optimizing scalability and LLM perfor-
mance, expanding multimodal data integration, and explor-
ing human-in-the-loop simulation (Lyu 2025). Thanks to its
modular design, RESPOND can also be extended to other
disaster types.
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