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ABSTRACT
Evacuation is a safety-critical multi-agent coordination problem: it

is rare enough that we cannot learn from real incidents, yet the cost

of error is extreme. In practice, incident commanders do not steer

each vehicle; they act through institutions: auditable, enforceable
rules such as routing guidance and access control. This dissertation

studies institutional coordination in the tradition of social laws for

multi-agent systems (MAS), grounded in physically realistic traf-

fic simulation (SUMO/TraCI) and classical evacuation dynamics. I

focus on the hard regime of multi-source disruption where hazards

relocate and infrastructure changes simultaneously. My key idea

is episodic institutional memory: a library of previously successful

rule sets, outcomes, and contexts, enabling rapid adaptation with-

out continual end-to-end retraining. In the current prototype, the

context cue summarizes hazard origin and a small set of topology

features; learning better similarity and shift detection is part of

planned work. On a Simulation of Urban MObility (SUMO)-based

benchmark with structured distribution shifts, an in-distribution-

trained Proximal Policy Optimization (PPO) coordinator collapses

under a combined hazard+topology shift (92.5% → 32.7% evacua-

tion rate), while institution-level strategies remain stable (74.3%).

Naive memory replay is unsafe under topology change (39.2%), but

a lightweight topology-aware repair restores performance (92.4%)

without gradient updates.
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1 MOTIVATION AND PROBLEM
Evacuations (wildfires, floods, earthquakes) stress-test multi-agent

coordination: many agents compete for shared, capacity-limited

infrastructure while a hazard evolves. Here, multi-source disruption

refers to hazard relocation and infrastructure closures; in the thesis

I will extend to additional shifts such as demand surges and partial
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compliance. Because real events are rare and ethically unfit for

experimentation, decision procedures are typically justified through

simulation and prior drills rather than online learning. In this work,

I use SUMO and its Traffic Control Interface (TraCI) for physically

grounded traffic dynamics [3, 4, 17, 30] and connect to broader

evacuation modeling traditions [6, 13, 21].

Distribution shift is the default, not the exception. Evacuation plans
assume a hazard origin and available infrastructure. Real incidents

violate both: ignition can occur on the “wrong” side of the city,

and key edges can be unavailable. This motivates structured shift

testing (hazard-only, topology-only, and combined) and reporting

robustness beyond an in-distribution mean [22, 24].

Why not just retrain? Continual end-to-end retraining after ev-

ery infrastructure update, population drift, or hazard regime is

operationally impractical. It requires repeated simulation runs and

compute, complicating trust and certification of a black-box policy.

This is a general safety concern in reinforcement learning (RL) and

multi-agent learning [1, 8, 9, 32]. In contrast, institution-level rules

are compact, auditable, and match how authorities act in practice.

Thesis goal. Design institutional coordination mechanisms that

are (i) auditable by humans, (ii) enforceable via routing and in-

frastructure control, and (iii) robust under multi-source disruption,

while avoiding continual end-to-end retraining.

Contributions so far is a physically grounded benchmark for

institutional evacuation control with explicit hazard-origin and

infrastructure-closure shifts, enabling controlled robustness testing

of institution-level coordinators, evaluated by evacuation, casualty,

and timeout rates and shift-specific failure modes across 4 scenar-

ios with 20 seeds per scenario (480 episodes). Also we design an

episodic institutional-memory coordinator (retrieval to topology-

aware repair to validation), enabling fast adaptation under com-

bined hazard+topology shifts where in-distribution PPO can fail,

evaluated by stability under the hardest shift (92.5% to 32.7% for

PPO vs. ≈ 74% for institutions) and recovery from unsafe naive

memory reuse (39.2% to 92.4%) without gradient updates.

2 APPROACH
Institution interface: a small, enforceable action schema. I model

a coordinator that periodically selects a bounded, interpretable

institutional action rather than controlling each agent directly. In

the current benchmark, the institution is a coarse routing template

with bridge ∈ {north, south} and exit ∈ {out_sw, out_se}, plus
NOOP (no-operation). Formally, an institutional action (or simply an

institution) at decision time 𝑡 selects 𝐼𝑡 ∈ I = {NOOP} ∪ (B × E),
where B = {north, south} and E = {out_sw, out_se}; applying 𝐼𝑡
enforces the corresponding routing/permission rule set for a short
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Table 1: Mean evacuation rate (ER) across 20 scenarios.

Coordinator ID Hazard OOD Topology OOD Combined OOD

Heuristic institutions (rule-based, validated) 87.7 74.3 92.4 74.3
PPO (end-to-end) 92.5 68.6 92.5 32.7

Retrieval-only (memory replay) 87.7 72.8 39.2 72.8

Adaptive retrieval (topology repair) 87.7 44.4 92.4 73.7

LLM (schema-constrained) 89.3 46.2 92.4 74.3
LLM+Memory (schema-constrained) 89.1 46.5 92.4 74.3

horizon. Although the per-step action space is tiny (|I | = 5), the

sequence space over a 50-decision episode is |I |50 ≈ 8.9 × 10
34
, so

coordination is snontrivial. Example is close/avoid the south bridge

and route evacuation flow via the north bridge toward the south-

east exit: a rule that a traffic management center could implement

by adjusting access permissions and broadcasting detours.

Validation: feasibility as a first-class concern. Each proposed insti-

tutional action is passed via a lightweight validator that enforces

schema validity and feasibility (e.g., do not route through a blocked

bridge). This mirrors shield ideas in safe RL, but at the institution
layer, where constraints are explicit and auditable [8, 15, 31, 32].

Episodic institutional memory vs. continual retraining. I main-

tain an episodic memory bank of successful institutions from in-

distribution episodes and retrieve candidates via similarity on a com-

pact cue vector. Two key baselines clarify the tradeoff: (i) Retrieval-

Only directly replays the institution from the closest episode, and

(ii) AdaptiveRetrieval applies a minimal topology-aware repair

before validation: if the retrieved institution routes via a closed

bridge, deterministically swap the bridge token to an available al-

ternative and re-validate (otherwise, keep the action unchanged).

This yields a direct operational contrast: continual retraining is
impractical (costly and hard to re-certify), whereas episodic institu-
tional memory enables fast adaptation via reuse plus repair.

LLM planners as institutional coordinators, not free-form oracles.
LLMs are increasingly used for multi-agent planning and coordi-

nation [5, 10, 12, 33]. In my setup, an LLM can optionally propose

an institutional action only within the same fixed schema, option-

ally conditioned on retrieved episodes. To keep evaluation repro-

ducible, I cache structured decisions and replay them deterministi-

cally offline, following recent calls for robust, auditable evaluation

pipelines [24]. This design connects naturally to LLM-in-traffic

workflows [18, 19] and to evidence-based evacuation [7].

3 PRELIMINARY RESULTS AND INSIGHTS
Scenario suite. I evaluate one in-distribution (ID) scenario and

three structured out-of-distribution (OOD) shifts: hazard origin

shift, topology disruption, and their combination. Outcomes are

reported as evacuation rate (ER); we also track casualty and time-

out rates. These initial experiments use a single SUMO city and a

compact institutional schema; extending to multiple networks and

richer institutions is part of planned work [26, 27].

Episodic memory vs. retraining: the contrast is operational. Topol-
ogy disruption shows why continual retraining is not the only

lever. Naive episodic reuse can be actively harmful (39.2% ER): a

once-good institution can route through a now-blocked bridge. A

minimal topology-aware repair restores feasibility and recovers

to 92.4% ER with no gradient updates, suggesting a practical “fast

adaptation” path for institutional coordination.

Compound shift is where brittle generalization appears. PPO re-

mains strong under topology-only shift, but collapses under the

combined hazard+topology shift (32.7% ER), primarily through time-

outs. Validated institution-level strategies provide a more stable

safety floor (74.3% ER) under the same traffic dynamics. On topol-

ogy and combined OOD, LLM and LLM+Memory match (Tab. 1),

suggesting that the fixed scheme plus validation often dominate the

final decision; I report memory usage rates to make this explicit.

Hazard relocation exposes negative transfer and similarity design.
When the hazard origin shifts, memory-augmented planners can

over-trust mismatched episodes and degrade (e.g., LLM+Memory:

46.5% vs. heuristic 74.3% ER). Notably, AdaptiveRetrieval under

hazard-only OOD can underperform simple replay (44.4% vs. 72.8%

ER) when the repair heuristic makes unnecessary edits in a topology

that did not change, underscoring the need for shift-aware gating.

Ablations show that increasing the retrieval threshold reduces re-

liance on misleading similar episodes and yields an improvement of

about +9.8 percentage points on hazard-only OOD. This motivates

better similarity signals and shift-aware gating.

Auditability yields better diagnosis (not just better scores). Be-
cause decisions are made at an institutional layer, I can log and

analyze why a coordinator succeeded or failed (e.g., whether it

invoked memory, whether repair was triggered, and whether the

validator rejected an infeasible proposal). Concretely, each deci-

sion step records (retrieved episode id, similarity score,
repair edits, validation outcome) (e.g., t=12: retrieve
ep#34 (sim=0.81) to repair south to north to valid
to apply). This complements emerging work on explanation and

accountability for learning-based decision-making [16, 25, 28, 34].

4 FUTUREWORK AND FEEDBACK
Next steps include (a) (Near-term) shift-awarememory selection:learn
similarity and gating so the coordinator retrieves only when it helps

(and backs off otherwise), reducing negative transfer under hazard

relocation; quantify memory usage rates and address anomalies; (b)

(Mid-term) Richer institutions, still auditable: extend from single-step

routing directives to phased controls (staging, dynamic priorities),

connecting to dynamic norms and institution synthesis [2, 23, 29];

(c) (Mid-term) Stronger validation with fast runtime: tighten feasibil-

ity and risk checks at the institution layer, leveraging ideas from

safe multi-agent learning [9, 31, 32]; (d) (Long-term) Generalization
across urban dynamics: study transfer across changing populations

and network layouts, and relate to cross-environment traffic control

and unseen dynamics generalization [14, 20, 22]. I also believe some

of the results might be extended to power control and emergency

resource deployment [11].

Feedback from the Doctoral Consortium. I would value feedback

on (i) positioning: institutions/social laws vs. safe RL vs. LLM-

based planning; (ii) evaluation design for distribution shift in safety-

critical MAS; (iii) the right abstraction level for institutions to re-

main both actionable and auditable; and (iv) principled ways to

combine episodic memory, validation, and (optional) LLM proposal

generation to guarantee safe degradation.
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