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ABSTRACT

Major hubs in urban rail transit are prone to cascading failures when faced with
temporary control measures, demand pulses induced by events or holidays, and
operational interventions (e.g., increased headways and ad hoc timetable adjust-
ments). Operating agencies therefore need actionable ex ante decision support to
rapidly translate scenario specifications into executable contingency plans; how-
ever, existing methods either require substantial scenario modeling and engineer-
ing effort to capture fine-grained within-station processes, or still rely heavily on
manual expertise, making it difficult to quickly distill reusable decision rules. To
address this gap, we propose MetroRehearsal, a generative-agent framework for
metro-hub emergency rehearsal that enables a rapid closed loop from scenario
specification to plan output. Given an operational scenario and a disruption setting,
MetroRehearsal generates structured candidate plans in parallel, queries external
tools to verify feasibility and quantify costs for key diversion and alternative-
station recommendations, and produces a final plan through evidence-grounded
multi-agent debate with consensus convergence. We conduct experiments on real-
world Shanghai metro data and network topology. Results show that, compared
with single-shot generation or tool-only verification baselines, combining tool-
augmented evidence with multi-agent debate jointly improves plan feasibility, cost
efficiency, and decision stability.

1 INTRODUCTION

Major hubs in urban rail transit often face abrupt passenger-demand surges during holidays and
large-scale events. When large volumes arrive within a short time window, concourse and platform
densities can rise rapidly, triggering crowd spillover and cascading delays that may propagate across
stations and lines |Le1 et al. (2025). Such peaks are frequently compounded by temporary control
measures, including station, entrance/exit, or transfer-corridor closures, as well as operational inter-
ventions such as reduced service frequency and ad hoc timetable adjustments, which further amplify
system instability. Therefore, operating agencies urgently need executable ex ante decision support
tailored to such time-sensitive disruptions. Prior to onset, the system should take a specified control
plan or event script as input, rehearse which high-risk hubs, transfer pairs, and time windows are
most likely to trigger instability and spillover, and produce executable emergency response plans,
including diversion guidance and alternative-station recommendations, to keep risks within a man-
ageable range Wang et al.| (2025).

However, existing methods still struggle to support this rapid closed loop from scripts to plans. On
the one hand, large scale agent based transportation simulation frameworks, such as MATSim, can
generate city scale flows and evaluate policy impacts, but they typically require additional modeling
and scenario engineering to represent fine grained processes such as within station facility bottle-
necks, transfer organization, and traveler responses W Axhausen et al.|(2016);|Yin et al.|(2019). On
the other hand, for typical disruptions such as station closures, prior studies have combined behav-
ioral optimization with simulation to characterize passengers’ substitution choices over routes and
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stations under closure conditions and to assess the resulting demand impacts, indicating that clo-
sure rehearsal is methodologically well defined and computationally tractable |Yin et al.| (2016). Yet
translating rehearsal outputs into reusable operational rules and frontline action guidance still relies
heavily on manual expertise, and it is difficult to rapidly transfer across hubs with different demand
structures and different combinations of disruptions.

Large language models (LLMs) and generative agents offer a new technical pathway for emergency
rehearsal in metro systems Wu et al.| (2023)); (Qian et al.| (2024). By generating multiple candidate
contingency plans in parallel and organizing structured debate, the system can improve decision
robustness through “cross-examination and consensus.” |Du et al.| (2023) Meanwhile, introducing
external tools that provide verifiable evidence shifts plan comparison from subjective textual pref-
erences to evidence-constrained selection, reducing speculative judgments about the feasibility and
cost of diversion or alternative-station recommendations [Yao et al.[(2023)). Motivated by these ob-
servations, we propose MetroRehearsal, a generative-agent framework for metro-hub emergency
rehearsal. Given an operational scenario and a disruption specification, the framework generates
structured candidate plans in parallel, queries a public-transit routing tool to verify feasibility and
quantify costs for key diversion suggestions, and then performs evidence-grounded multi-agent de-
bate with consensus aggregation. It outputs a finalized contingency plan together with a risk ranking
and concise explanations.

Our key contributions include: (1) we formalize the metro-hub emergencyn rehearsal task and de-
fine an executable structured output specification; (2) we propose a plan generation framework that
combines parallel candidate generation, tool-augmented evidence, and debate-and-consensus con-
solidation; and (3) we build rehearsal settings on real-world metro data and network topology and
demonstrate the effectiveness of our approach.

2 RELATED WORK

Multi-Agent Debate. In recent years, research on large language models (LLMs) has gradually
expanded from single-agent generation paradigms to multi-agent systems. The central motivation
of this line of work is to enhance the reliability and accuracy of the reasoning process through
cooperative or adversarial interactions among multiple agents. Prior studies have shown that intro-
ducing multi-round interaction mechanisms allows agents to cross-check and correct errors during
reasoning, thereby improving the consistency and robustness of logical inference Du et al.| (2023);
Chen et al.| (2024). Beyond general reasoning tasks, multi-agent paradigms have also been applied
to more structured task settings, such as mathematical reasoning and safety assessment. For exam-
ple, in mathematical reasoning, debate-based self-correction strategies improve answer correctness
by encouraging agents to scrutinize intermediate derivation steps |[Zhang & Xiong| (2025). In safety
alignment research, divergences among agents’ perspectives are leveraged to expose potentially un-
safe behaviors |Asad et al.| (2025). Overall, these studies demonstrate that multi-agent debate can
enrich the reasoning process and produce more diverse reasoning trajectories, but its effectiveness
still largely depends on the internal knowledge and capabilities of the underlying models.

Tool-Augmented Agents. In recent years, researchers have increasingly explored extending the
capability boundaries of LLMs by incorporating external tools, enabling them to handle tasks that
require specialized knowledge or complex computations. Early work such as Toolformer equips
models with the ability to learn when and how to invoke APIs (Schick et al., 2023). As this line
of research has progressed, tool usage has gradually evolved from simple interface calls toward
more systematic agentic pipelines, which are typically organized in a modular fashion and integrate
components such as information retrieval, symbolic reasoning, multi-step planning, and domain-
specific simulators |Bran et al.|(2023); [Wu et al.|(2023)); Webb et al.|(2025)); [Yao et al.[(2023).

Despite these advances, most existing tool-augmented frameworks remain methodologically cen-
tered on a single-agent perspective, where tools are typically invoked in a one-shot or sequential
manner. Such designs have yet to fully exploit interactions among multiple agents for coordinat-
ing tool selection, result verification, and decision revision, which in turn limits their stability and
robustness in complex decision-making scenarios.

Furthermore, in complex operational systems such as urban and transportation domains, research
that tightly couples multi-agent LLMs with external planners or evaluators to form a verifiable de-
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cision loop remains limited. Existing studies often treat language models primarily as analytical or
control interfaces, without systematically embedding tool invocation into the agent reasoning pro-
cess to support ex ante decision evaluation and scenario rehearsal.

3 PRELIMINARY

This work study a metro-hub emergency rehearsal task in which, given an operational scenario, the
system generates an executable contingency plan and verifies it with an external evaluator. Formally,
a scenario is denoted as

z=(N,D,S), (1)
where N is the metro network with station/transfer relations,

D denotes the baseline travel demand statistics aggregated from AFC (Automatic Fare Collection)
records, which are used to characterize the passenger-flow distribution and spatiotemporal travel
patterns of the metro network under undisturbed conditions, thereby providing a statistical descrip-
tion of passenger-flow structures across the entire network. (e.g., time-sliced station inflow/outflow
volumes and OD (origin—destination) demand). S denotes the operational setting, which consists of
a set of events, each parameterized in a unified entity—time window—intensity form:

§= {(gjv [T;vTje}’ fj)};'nzlv (2)

where /; denotes the affected entity (e.g., a station, an entrance or exit), [Tjs, Tje] is the effective time
window, and &; is the affected intensity.

We introduce two guidance actions, namely diversion guidance and alternative-station recom-
mendation, denoted by a € {aaiv, aart }- These actions are designed to generate operationally fea-
sible passenger-guidance plans under three representative types of emergency scenarios: (1) Tem-
porary closures (closure or restricted access of stations, entrances/exits, or transfer corridors); (2)
Event- or holiday-induced demand surges (specified stations experience a sharp demand increase
during certain time windows); (3) Service changes (increased headways, reduced service frequency,
temporary skip-stop operations, or one-directional transfer arrangements).

For any given scenario z, we assume that at least one action type in {agiy, @a1t } satisfies the ex-
ecutability constraints, and each candidate plan instantiates only one action type. Specifically, a
diversion action is defined as aq;y = (0, z,7), where o denotes the affected passenger-flow unit
induced jointly by the disturbed entity ¢; and the baseline demand distribution D, typically corre-
sponding to OD demand or station-level passenger flows that would otherwise pass through ¢;. z
denotes the diversion target, such as an alternative station or route, and 7 denotes the operational
time window [Tj, Tje}, within which the action is executed. Similarly, an alternative-station recom-
mendation action is defined as a.;; = (o, 2/, 7), where o again denotes the affected passenger-flow
unit, z’ denotes the recommended alternative station, and 7 denotes the effective time window.

Problem Setup. Given a scenario x = (N, D, S), our goal is to generate a structured contingency
plan y* within the feasible action space .A. Let y denote a structured contingency plan, and let
Y denote the set of candidate plans that satisfy executability constraints and the prescribed out-
put schema. To improve the feasibility and verifiability of the plans, we invoke an external tool to
perform evidence-based verification for each candidate and obtain plan-level structured evidence e.
Based on this evidence, we construct multi-objective evidence vectors, perform Pareto-front filter-
ing over the candidate samples, and apply a multi-agent debate—consensus mechanism to finalize the
plan. The final plan selection is formalized as:

v =T{(y.e) [ye}), 3)

where y* is the finalized structured contingency plan, 7 (-) denotes our evidence-constrained debate-
and-consensus operator, which selects a final plan from ) based on the tool-based verification.

4 METHOD

Following prior work on multi-agent debate |Liang et al.| (2024), we adopt a multi-agent debate
mechanism to improve plan quality and robustness: multiple LLM instances first independently
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Figure 1: Overall pipeline of MetroRehearsal.

propose candidate plans, Table 1: Top-6 high demand OD pairs.

then engage in struc-

tured debate and cross- Rapk  Entry Exit Avg. daily flow

examination over their key - — -

disagreements, and finally 1 Tonghe Xincun  Shanghai Railway Station 3,718
Lo 2 Jiuting Caohejing Kaifaqu 3,635

converge t0a ﬁnahzedl P IEIm 3 Pengpu Xincun  Shanghai Railway Station 3,562

Y= via a consensus rule. in 4 Xujiahui Xinzhuang 3,453

addl.tlon, during the debate, 5 Xinzhuang Xujiahui 3,380

we incorporate an external 6  Xinzhuang Renmin Square 3,097

tool for feasibility and cost
verification, and use the
tool outputs as evidence constraints during the debate process, which helps reduce subjective
speculation and improves the interpretability and reproducibility of plan selection.

4.1 DATA PROCESSING

We construct our rehearsal inputs from Shang- Table 2: Top-6 high-risk stations.
hai metro tap-in/-out records collected over one

week (April 13-19, 2015) together with the Rank

Station Avg. daily flow

metro network topology. We first preprocess the -
raw data by aggregating entry and exit transac- 1 Renmin Square ) 203,498
tions into fixed time bins, yielding station-level 2 Shanghai Railway Station 189,410

. . 3 Xujiahui 154,548
inflow/outflow counts and OD demand statis- .

cs. d das D. Based h 4 Jing’an Temple 149,360
tics, denoted as D. Based on these aggregates, 5 Lujiazui 140,070
we select a focused set of stations and time win- 6  Xinzhuang 126,909

dows for rehearsal, referred to as the rehearsal
subset, as shown in Tables [T] and 2] which in-
cludes:

1. Top-K high-risk station: identified by peak intensity passenger volumes;
2. Representative OD pairs: OD pairs with high demand or pronounced long-tail patterns;

3. Neighborhood spillover scope: for each high-risk station, its n-hop neighbors (nbrs) based
on N, used to characterize potential spillover impacts;
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4.2 CANDIDATE PLAN GENERATION

We constrain plan generation to a set of structured action items to ensure executability and facilitate
subsequent verification. For any scenario z = (A, D, S), a candidate plan is represented as

Yy = {(a'ia Eia [tzsatzeL ni)}zn:lv a; € Aa (4)
where a; denotes the action type, ¢; is the target entity (such as station, entrance or exit), [t5,t5] is

177

the activation time window, and 7); is the intensity parameter. The A denotes the operational sets.

We generate candidates in parallel with multiple LLM instances. Given the same input x, we sample
M candidate plans {y(™}M_,  Each candidate is produced via template-based few-shot prompting:
the prompt specifies a strict output schema (field names, data types, and valid ranges) together with
a small number of demonstrations, and the model is required to output only machine-parseable
structured fields. We then apply deterministic validity checks, including (i) target validity (¢; must
be a valid entity in \), (ii) temporal validity ([t5, t¢] must fall within the scenario time horizon and
respect the emergency windows), and (iii) parameter bounds (7; must lie within predefined ranges).
Invalid candidates are discarded or regenerated, ensuring that all plans entering the debate stage are
executable.

4.3 TOOL-BASED VERIFICATION

Relying solely on internal model reasoning may lead to subjective speculation about the feasibility
and cost of diversion/alternative-station recommendations. To ground such decisions with verifiable
evidence, we introduce the Baidu Map API [1_-] as an external tool to validate key diversion-related
items in each candidate plan and to quantify their real-world travel costs.

For each candidate plan y(™), we extract the subset of items that recommend diverting to an alter-
native station/line, denoted as 7 (™). For each item in 7 (™)), we call a tool query consisting of
the origin, destination, city, departure date/time window, and routing strategy parameters. The tool
returns route candidates together with travel attributes such as total duration, walking distance, and
transfer information.

We compress the tool responses into structured evidence and bind it to the corresponding candidate
plan:

™ = Tool(x, y'™), (5)
where e(m) includes at least the following metrics, provided that there exists at least one valid route:
(i) the best-route travel time ¢(™); (ii) total walking distance w(™); and (iii) the number of feasible
route candidates k(). If no feasible route is returned, we set k(™) = 0.

Subsequently, over the candidate sample sets, we represent each candidate plan 3™ by a multi-
objective evidence vector z(™ = (™) w(™) —E(™)) and perform first-front non-dominated
screening (i.e., Pareto-front extraction) (Deb et al.l 2002). Concretely, a candidate plan is said to
be dominated if there exists another candidate y(”) such that z(™ < z(™) and z(" is strictly bet-
ter in at least one dimension; dominated candidates are removed. The remaining non-dominated
subset constitutes the Pareto-front candidate set. This step serves as an evidence-constrained pre-
screening procedure. The evidence e(™) is then fed into the debate stage, turning plan selection
from preference-based comparison into evidence-constrained evaluation, thereby improving inter-
pretability and reproducibility.

4.4 DEBATE AND CONSENSUS FINALIZATION

We further introduce a two-stage debate—consensus mechanism to finalize the candidate set and
produce the final structured plan y*. This stage takes the structured evidence returned by external
tools as an explicit constraint input and requires multiple agents to conduct Debate and Consensus
under the evidence constraint e(™) . The debate stage uses structured interactions to surface potential
risks such as coverage gaps, action conflicts, and overly aggressive intensities; the consensus stage
then consolidates advantageous actions across candidates via voting and parameter aggregation,
yielding a consistent and more conservative executable plan.

'https://map.baidu.com/
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Debate. Given a candidate set {(™}, we run R rounds of structured debate (we use R = 3). In
round r, each agent produces two types of structured outputs for each candidate plan:

* Claim: specifies the key risk targets and corresponding time windows covered by the plan,
together with its core action bundle.

* Counter-claim: identifies executability issues or strategic risks in other plans, with a fo-
cus on coverage gaps (e.g., missing disrupted stations or critical time windows), action
conflicts, and overly aggressive intensities that may incur high operational costs (e.g., ex-
cessive inflow control or diversion at specific stations).

To quantify the credibility of each candidate under the evidence constraint and to support the subse-
quent consensus step, reviewer agents also assign a confidence score cﬁ.”” € [1,10] in each debate
round. A higher s(™ indicates that plan (™) is more credible under e(™). Averaging scores across

rounds yields the candidate weight:
1 E
(m) — E (m)
s m — R 2 cr’m , (6)

Consensus. We perform consensus aggregation in two steps, action-level aligned voting and pa-
rameter summarization, and use the confidence weights from the debate stage as voting weights to
produce a more conservative and executable plan under the evidence constraint.

* Action voting: we align identical or semantically equivalent action items (with the same
(a, ¢, [t*,t°])) and compute a weighted vote total using the confidence weights of support-
ing candidates; actions that reach a majority threshold are retained.

* Parameter aggregation: for each retained action, we aggregate its intensity parameters
using the median or a more conservative quantile to suppress extreme configurations and
improve safety and executability.

Finally, the aggregated plans are re-checked against tool-provided evidence to ensure verifiable real-
world feasibility, resulting in interpretable, reproducible, and executable final plans {y*}.

5 EXPERIMENTS

We evaluate the quality of generated plans from three complementary dimensions. DebateGain is
defined as the average improvement in the tool-evaluated score e(m) achieved by the debate mecha-
nism after it reaches consensus and converges, compared to single-shot generation. Feasibility Rate
is defined as the proportion of feasible public-transit plans in the model’s final outputs {y*} across
different emergency scenarios, where feasibility is determined by the tool-based executability check.
Finally, to characterize sensitivity to sampling randomness, we repeatedly run the method under the
Event- or holiday-induced demand surges scenario and obtain a set of outputs {y*}. We define Sta-
bility as the standard deviation of the total walking distance reported by the tool across these runs,
a smaller value indicates more consistent and reproducible decisions under identical inputs.

5.1 RESULTS AND ANALYSIS

Table (3| compares four strategies using Deba.(T), Feas.(T), and Stab.(]). Across both Qwen-3-
8B |Yang et al.| (2025) and Llama-3-8B |Dubey et al.| (2024)), MetroRehearsal attains the strongest
overall performance, and tool verification is the key driver for boosting feasibility and improving
stability.

Multi-agent debate yields quantifiable gains. MetroRehearsal consistently produces positive de-
bate gains under both backbones, and the gains further increase when tool-based verification is
enabled: Deba. rises from 4.21 to 15.47 on Qwen-3-8B and from 5.12 to 11.18 on Llama-3-8B. This
indicates that debate-driven multi-candidate comparison can surface and correct critical deficiencies
in candidate plans (e.g., insufficient station coverage or overly costly diversion choices), and tool
feedback provides actionable evidence that strengthens this refinement process.
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Table 3: Performance comparison across strategies with different backbones.

S Qwen-3-8B | Llama-3-8B
trategy

Deba.(%)1 Feas.(%) 1T Stab.(%)| | Deba.(%)T Feas.(%)1 Stab.(%))
Single-shot — 22.49 26.62 — 19.27 21.30
Single-shot w/ Tool Verification — 62.34 14.76 — 54.43 15.41
MetroRehearsal w/o Tool Verification 4.21 56.97 11.08 5.12 48.04 12.96
MetroRehearsal 15.47 76.10 8.32 11.18 71.01 10.50

Tool evidence substantially improves plan feasibility. For MetroRehearsal, adding tool-based ver-
ification increases Feas. from 56.97% to 76.10% on Qwen-3-8B (+19.13) and from 48.04% to
71.01% on Llama-3-8B (422.97). Moreover, under the same tool-verification setting, MetroRe-
hearsal outperforms Single-shot w/ Tool Verification, improving Feas. by +13.76 (76.10 vs. 62.34)
and reducing Stab. by 6.44 (8.32 vs. 14.76) on Qwen-3-8B; and improving Feas. by +16.58 (71.01
vs. 54.43) and reducing Stab. by 4.91 (10.50 vs. 15.41) on Llama-3-8B. These results suggest that
the tool is not merely a post-hoc filter; instead, it provides constraint-grounded signals that guide
candidate selection and consensus formation.

Debate and tool-based verification jointly improve stability. In terms of stability, MetroRehearsal
achieves the lowest Stab. under both backbones (8.32 with Qwen-3-8B and 10.50 with Llama-3-
8B), outperforming the no-tool variant (11.08 and 12.96, respectively). Notably, tool verification
alone can substantially raise single-shot Feas. (22.49%—62.34% on Qwen-3-8B; 19.27%—54.43%
on Llama-3-8B), yet the resulting plans still exhibit relatively high variability without debate (Stab.
14.76 and 15.41). Together, these results suggest that tool evidence provides hard constraint feedback
that improves executability, whereas debate-based consensus further reduces run-to-run variance via
aggregation, which makes its combination with tool evidence crucial for producing plans that are
both feasible and reproducible.

5.2 ABLATION STUDIES

Figure 2] illustrates the impact of the number
of debate rounds R on the quality of rehearsal
plans generated by agents built upon the Qwen-
3-8B backbone. As R increases from 1 to 3,
both Debate Gain and Feasibility Rate improve
substantially, while Stability consistently de-
creases (lower values indicate higher stability).
This trend suggests that multi-round debate ef-
fectively exposes coverage gaps and key risk
targets in candidate plans, suppresses overly ag-
gressive configurations, and thereby improves 201
plan quality while reducing unstable action set-
tings.

o]
o
|
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o
|
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Notably, at R = 3, all metrics achieve an over-

all optimal balance: the generated plans attain
strong quality gains together with the highest
executability and the most stable performance.
In contrast, when the number of debate rounds

Debate Rounds (R)

Figure 2: Ablation on the number of debate rounds
R for Qwen-3-8B.

further increases to R = 4 and R = 5, Debate

Gain remains marginally improved or stays at a high level, whereas the Feasibility Rate drops no-
ticeably and Stability improvements plateau. This observation indicates that excessive debate may
introduce over-correction, which in turn weakens the overall executability of the resulting plans.

6 CONCLUSION

We propose MetroRehearsal, a generative-agent framework for metro-hub operational emergency
rehearsal. Methodologically, the framework generates structured candidate contingency plans in
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parallel and incorporates a public-transit routing tool to conduct multi-round evaluations of plan
feasibility and cost. It then produces a final plan through multi-agent debate and consensus con-
vergence, enabling evidence-constrained plan selection. Experimental results show that MetroRe-
hearsal significantly improves the feasibility of generated plans, achieves quantifiable reductions
in tool-evaluated cost metrics, and produces more stable decision outputs across diverse disruption
scenarios.

Future work will further expand the coverage of urban transportation tools and external evaluation
modules, such as incorporating more fine-grained modeling of within-station facilities and retrieval
mechanisms for intervention measures to support more detailed operational control. In addition, we
plan to explore broader application scenarios and investigate the transferability and generalization
of the framework across heterogeneous metro hubs in different cities.

THE USE OF LARGE LANGUAGE MODELS(LLMS)

We used a large language model (ChatGPT, GPT-4) solely for English copy-editing (grammar and
style). The model was not used to design experiments, analyze data, generate results, figures, or
references; all edits were reviewed by the authors, who take full responsibility for the content.
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