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ABSTRACT

We demonstrate ! an LLM-guided multi-agent platform for coor-
dinating evacuations during wildfires. A lightweight Commander
agent observes traffic congestion and wildfire spread in a simulated
environment and issues high-level routing decisions that mimic
emergency management actions. User agents receive these deci-
sions, locally observe nearby behavior, and choose how to evacuate.
We design the Commander to be safe, interpretable, and intended
to transfer across settings (number of agents, geographies, wildfire
scenarios). On a synthetic city benchmark with 150 user agents, our
reinforcement learning policy achieves strong in-distribution per-
formance (92.6% evacuation rate) but degrades under a zero-shot fire
shift to 67.1%. The LLM Commander improves the zero-shot evacu-
ation rate to 74.2% without memory, and up to 82.5% with episodic
memory, mainly by reducing agent timeouts. We also introduce
a cognitive task analysis perspective that makes the Commander
decision making process fully auditable by humans. Our interactive
demo illustrates these results and supports debugging, ablations,
and future learning for both Al systems and human operators.
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1 INTRODUCTION

Large-scale wildfire evacuation is a high-stakes, data-scarce prob-
lem with a small number of historical events highly varying across
time and geography available. As a result, real emergency manage-
ment systems often operate in zero- or few-shot settings and must

!Demonstration video: https://youtu.be/oliDIjvz_Sw

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/SEYR5220

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

4164

Aleksandr Volkov

Interdata
Astana, Kazakhstan

Yury Maximov
Interdata
Astana, Kazakhstan

rely on training and testing in synthetic environments. This also
creates a key requirement: methods should adapt to distribution
shifts (e.g., a new ignition location or a different congestion pattern)
while remaining efficient and interpretable to human experts [25].

Our system uses a two-level architecture. First, each vehicle
follows a learned stochastic reinforcement learning policy. Sec-
ond, an LLM-based commander performs sparse coordination: it
observes congestion and wildfire spread and occasionally issues
broad, network-level routing rules [16, 17].

To support human interpretability, we add a cognitive task anal-
ysis (CTA) perspective of the commander: for each commander rule,
we log key hints behind decision (e.g., fire side, bridge congestion,
etc) and summarize them as simple rules of decision tree.

2 RELATED WORK AND CONTRIBUTION

Large-scale evacuation planning has been widely studied using
optimization and simulation-based methods, including approaches
that reduce route congestion and methods for routing and schedul-
ing under disasters [5, 11, 13]. Recent learning-based approaches
also coordinate road conditions adaptation [30] while performance
under hazard shifts (e.g. new fire locations) is in question.

LLMs have recently been successfully used as high-level tool for
grounded decision making [10], and as software frameworks for
multi-agent conversation and tool use [7, 14, 29]. Episodic memory
mechanisms are essential to improve recall and adaptation in rein-
forcement learning [2, 22, 27] and are increasingly seen as a core
capability for agents built with LLMs [8, 15, 31]. Finally, cognitive
task analysis and the critical decision method can elicit expert hints
and turn them into an explicit decision structure [3, 4, 9].

Our demonstration makes a practical contribution: a repro-
ducible pipeline that combines (1) a strong reinforcement learning
baseline based on proximal policy optimization, (2) LLM comman-
der mimicking emergency response, and (3) an a combination of
episodic memory with cognitive task analysis (CTA) resulting in
human-interpretable decision rules that can be employed by practi-
tioners to improve evacuation procedures and save human lives.

3 METHODOLOGY AND RESULTS

Methodology. We simulate evacuation in SUMO [1] on a non-
orthogonal city given by a road network with two scenarios: “Fire
on the West” and “Fire on the East” . Each episode ends when all
agents are either evacuated, become casualties, or time out.
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Figure 1: Left: Demo user interface showing the Commander policies, executed actions, and retrieved episodes. Right: general-
ization change in ER-TR space (training T = zero-shot 2); episodic memory reduces timeouts for the LLM policy.

Table 1: Main results on Synth US Town (mean =+ std over 20 random seeds; 150 agents/episode). Fire-on-West is the training
distribution; Fire-on-East is zero-shot. Mem ON is evaluated only over “Fire on the East”.

Policy ER (Train) CR (Train) TR (Train) ER (Zero-shot) CR (Zero-shot) TR (Zero-shot)
No-Commander (Random) 515+ 8.2 73+ 1.1 41.2+78 48.2+9.1 75+ 13 443 +85
Rule-Based 78.4+53 7.2+09 144 £ 4.8 713 £ 6.8 74+ 1.0 21.3+6.2
PPO (RL) 92.6 + 2.1 7.4+08 0.0 £ 0.0 67.1 £8.4 7.6+ 1.1 253+79
LLM Commander (Memory Off) 92.7 £ 1.9 7.3 +0.7 0.0 + 0.0 74.2 £ 6.2 7.4+09 18.4 +5.8
LLM Commander (Memory On) - - - 82.5+4.1 7.3+0.8 10.2 + 3.9

We compare four policies: (a) no commander (Random), (b) rule
Based (static heuristics), (c) proximal policy optimization (PPO,
trained over “Fire on the West” data) [6], and (d) LLM Commander
standing for PPO with sparse rules (i.e. accidental road closures).
We ablate the commander by enabling/disabling episodic memory;
CTA rules are logged for interpretability and do not affect control.
For Memory On regime, the memory bank is populated only from
episodes in the training scenario (“Fire on the West”) and does
not include any episodes from the zero-shot test distribution. Rule-
based static heuristic that routes all agents away from the fire origin
(use the south bridge if the fire is on the west side; use the north
bridge if the fire is on the east side). No runtime adaptation.

We adapt reinforcement learning episodic memory mechanisms
to retrieve prior strategies under similar directions [2, 22, 26]. Each
episode produces a summary vector e € R? encoding scenario
data (fire location, congestion patterns) and outcome metrics [19].
The memory stores tuples m; = (e;, s, 0;), where s; is the strategy
(such as Balanced-Flow, South-Exit-Bias) and o; the outcome. Given
a current situation embedding e;, we retrieve top-k episodes by
cosine similarity, sim(e;, e;). The commander conditions its next
intervention on retrieved episodes N (e;), preferring strategies
with higher observed evacuation rate and lower timeout rate under
similar cues. We expose the commander internal decision factors
as a small set of interpretable rules [12, 24].

We compute a rule-weighted explanation score Qcta (0 | s:) =
2;wjcj(o,s;) to summarize which rules supports the selected
strategy o;. The LLM commander is high-level strategy selector
analyzing the current state, retrieves similar episodes from memory
and selecting a strategy based on the LLM-generated rationale.

4 RESULTS

We evaluate 20 random episodes with 150 agents each. We report
three per-episode agent rates: Evacuation Rate (ER) (percent evacu-
ated), Casualty Rate (CR) (percent killed), and Timeout Rate (TR)
(percent not evacuated before the time limit). By definition, ER + CR
+ TR = 100%. Figure 1 (right) shows generalization drift in ER-TR
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space from training to zero-shot evaluation, and Table 1 reports
meanzstd across runs. PPO and the LLM Commander perform sim-
ilarly during training (ER 92.6-92.7%) but both drop in zero-shot.
The LLM Commander generalizes better than PPO (ER 74.2% vs.
67.1%), mainly by reducing timeouts (TR 18.4% vs. 25.3%); CR stays
nearly constant at 7-8%. Adding episodic memory (zero-shot only)
further improves ER to 82.5% and reduces TR to 10.2%, support-
ing the claim that memory retrieval and explicit strategy updates
matter under distribution shift. In this benchmark, the Casualty
Rate (CR) changes only slightly across policies and scenarios (Ta-
ble 1). As a result, most performance differences show up as a near
one-to-one TR — ER shift in the ER-TR plane, Fig. 1. CR is nearly
policy-independent: ignoring the fire changes CR only from 7.1% to
7.3%, a 16X faster fire changes CR by at most 1.4%, and all casualties
occur within < 7 steps (median 0), before coordination can help.
Thus, in Synth US Town, CR is driven mainly by initial proximity
to ignition, while policy quality mostly reduces congestion and
timeouts (TR). Richer hazard models (e.g., delayed ignition) may
make CR more policy-dependent [18, 20, 21, 23, 28].

5 DEMO INTERFACE

The demo provides (i) a live map view with wildfire and congestion
dynamics, (ii) the commander rules log and acceptance rate by the
users, (iii) episodic memory retrieval of similar past episodes, and
(iv) CTA-derived rules, rationales, and decision tree interpretability.

6 CONCLUSION

Since fatalities mainly occur before coordination can take effect, pol-
icy gains in this benchmark appear almost entirely as TR—ER con-
version; episodic memory moves performance along this trade-off
under hazard shift. We present a memory-guided LLM Commander
for multi-agent evacuation that improves zero-shot performance
under hazard shifts, along with a reproducible pipeline and an inter-
pretable interface for analyzing high-level coordination decisions.
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