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Abstract

Bridge-maintenance planning under annual bud-
gets must balance safety, cost, disruption, and eq-
uity while remaining explainable in public review.
Working with engineers from a railway operator
and a major general contractor, we translate three
adoption barriers, namely hidden burdens, justifi-
cation overhead, and value conflicts, into measur-
able criteria. We propose a decision-ready frame-
work that combines a lightweight digital twin,
constrained multi-objective optimization, syn-
thetic Virtual Citizens for distribution-sensitive
burden metrics, and an evidence-restricted LLM
evaluator for multi-persona acceptability and dis-
agreement. The LLM scores only auditable plan-
summary JSON with deterministic decoding and
caching. In an offline case study on public data,
the framework outputs reviewable plan artifacts
that support deliberation, audit, and accountability
rather than replacing human decision makers.

1. Introduction

Bridge-network maintenance is inherently a public decision
where agencies must schedule interventions under strict bud-
gets while balancing safety, life-cycle costs, mobility dis-
ruption, and equity (Jaafaru & Agbelie, 2022; Batty, 2018;
Bell & Reed, 2022). However, this is not merely a tech-
nical optimization task: plans must withstand committee
review and public scrutiny over why some communities face
repeated disruptions or why certain risk reductions justify
the spending. In practice, Pareto-efficient plans are often
rejected because aggregate objectives hide concentrated bur-
dens and value conflicts (Vineis et al., 2025; Rask & Shin,
2024). The central challenge is therefore not only to predict
deterioration, but to generate decision-ready policies that
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Figure 1. End-to-end infrastructure planning framework. A
lightweight digital-twin simulator produces auditable evidence
traces; constrained multi-objective optimization (MOO) with
NSGA-II searches feasible programs; social evaluation combines
Virtual Citizens and an evidence-restricted LLM evaluator.

are technically defensible and socially legitimate.

Multi-objective optimization (MOO) is widely used to navi-
gate these trade-offs, yet standard formulations remain in-
complete because aggregated objectives hide distributional
inequality and cannot represent contextual vetoes or justi-
fication criteria (Wang et al., 2017; Shih & Olson, 2022;
Brandt et al., 2016). Distribution-sensitive metrics address
part of this gap, but they still miss committee-level rejection
patterns such as excessive concurrent closures, insufficient
risk reduction for the spending, or benefits perceived as
unevenly justified. Grounded LLM workflows suggest a
way to operationalize such heterogeneous criteria, but free-
form LLM reasoning is risky in safety-critical infrastructure
because it can introduce hallucinations and unverifiable ra-
tionales (Lewis et al., 2020; Hu et al., 2023; Choi et al.,
2024). For accountable governance, social evaluation must
therefore be grounded in explicit engineering evidence and
expressed as structured signals that can be compared and
optimized.

To bridge this gap, we propose a decision-ready planning
framework developed in collaboration with engineers from
a railway operator and a major general contractor. Our
approach couples a lightweight digital-twin simulator and
constrained MOO with two explicit social-feasibility sig-
nals: a Virtual Citizens module that quantifies distributional
fairness (e.g., tail burdens and inequality), and an evidence-
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restricted LLM evaluator that scores multi-stakeholder con-
sensus. Crucially, the LLM is not used to generate plans or
narratives; instead, it scores auditable plan-summary JSON
containing cost, risk, and disruption traces. This turns oth-
erwise hard-to-code rejection categories into explicit objec-
tives under strict evidence constraints while preserving an
audit trail. The result is a Pareto search that yields programs
that are not only technically efficient but also explicitly op-
timized for consensus feasibility and ready for committee
review.

Problem, participants, method, evaluation, and impact.
The real-world problem tackled in this paper is multi-year
bridge maintenance planning under annual budgets, where
technically efficient plans may still fail because disruption
is distributed inequitably or because the rationale is not re-
viewable by committees. The direct collaborators in this
study are engineers from a railway operator and a major gen-
eral contractor; their participation is in problem formulation,
requirement elicitation, and the design of auditable evidence
fields and review-facing artifacts. The proposed methodol-
ogy combines a lightweight digital twin, constrained NSGA-
II search, Virtual-Citizens fairness metrics, and an evidence-
restricted LLM evaluator. We evaluate the framework as
an offline case study on public infrastructure data using
engineering, fairness, and consensus metrics, including hy-
pervolume, feasibility rate, CFR, P90 burden, Gini, and
acceptance-cost premium. The intended real-world impact
is not automated decision replacement, but reviewable candi-
date plans and plan cards that reduce justification overhead
and make trade-offs explicit in deliberation. All claims are
therefore about comparative decision support under com-
mon assumptions, not about replacing agency-calibrated
forecasts or stakeholder deliberation.

Collaboration scope, barrier mapping, and contribution.
The cross-disciplinary collaboration in this paper is concen-
trated in the problem-framing and requirement-design phase:
partner engineers helped identify three recurring adoption
barriers, namely hidden distributional burdens, justification
overhead, and value conflicts, and shaped how these barri-
ers are translated into measurable objectives and auditable
evidence fields. The present empirical study is therefore an
offline decision-support case study on public data rather than
a live deployment or a full prospective committee trial. We
map these barriers to explicit components: Virtual Citizens
for tail and inequality, auditable artifacts for review, and an
evidence-restricted evaluator for multi-persona consensus
and disagreement. Methodologically, the core contribution
is to formulate decision readiness itself as an optimization
target while keeping the simulator-to-evaluator interface
auditable and replaceable, so the same optimization layer
can wrap lightweight or higher-fidelity back-ends without
changing the social-feasibility objectives or review-facing

artifacts. Stronger human-in-the-loop validation, richer sim-
ulators, and larger portfolios remain important next steps.

2. Related Work

Bridge maintenance optimization under uncertainty and
constraints. Bridge portfolio planning combines deteri-
oration forecasting with long-horizon programming under
annual budgets and operational constraints. Recent work
has integrated learning-based prediction with multi-attribute
utility modeling and evolutionary multi-objective optimiza-
tion to generate feasible network-level programs and ex-
plore trade-offs among cost, condition, and service impacts
(Jaafaru & Agbelie, 2022). Complementarily, stochastic de-
terioration modeling with Markov/semi-Markov dynamics
supports long-horizon optimization of maintenance strate-
gies under uncertainty (Liu et al., 2025). Nonetheless, de-
ployment repeatedly encounters the bottleneck that Pareto-
efficient plans can still be rejected due to limited inter-
pretability, missing distributional accounting, or contested
value judgments.

Urban digital twins and data-driven decision support.
In the smart-city literature, digital twins and data-driven ur-
ban analytics are positioned as a foundation for linking sens-
ing, simulation, and governance, while also raising practical
questions about transparency and decision legitimacy (Batty,
2018; Kitchin, 2014; Zhang et al., 2025). The conceptual
boundary between models and digital twins further clari-
fies why “data-richness” does not automatically imply deci-
sion readiness (Wright & Davidson, 2020). Transportation-
oriented digital twins provide concrete examples of real-
time data—simulation coupling for operations, yet still leave
legitimacy and policy adoption as core barriers (Xu et al.,
2023; Kusi€ et al., 2023; Argota Sanchez-Vaquerizo, 2022).
These insights motivate treating the final “selection” step—
how a plan becomes adopted policy—as a first-class compu-
tational target rather than an after-the-fact discussion.

Participatory and deliberative decision making for pub-
lic legitimacy. A large body of social-science and gov-
ernance research emphasizes that public legitimacy is not
solely an outcome of optimizing aggregates, but of how
decisions are formed, justified, and perceived through par-
ticipatory and deliberative processes. Recent reviews and
models in participatory governance/collective intelligence
highlight the need for inclusiveness, accountability, and de-
cision artifacts that support reason-giving and scrutiny in
real public-sector processes (Rask & Shin, 2024; Bell &
Reed, 2022). In Al-assisted public decision making, par-
ticipatory and multi-stakeholder frameworks increasingly
formalize decision making as a multi-actor optimization
problem, where diverse preferences must be represented and
reconciled rather than assumed away (Vineis et al., 2025).
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Our work aligns with this perspective by explicitly modeling
adoption barriers and producing auditable, decision-facing
artifacts (plan cards and evidence traces) that are intended
to support committee review, public justification, and audit
preparation.

Preference-based and interactive multi-objective opti-
mization vs. post-hoc MCDM. A standard response to
“too many Pareto solutions” is to incorporate preferences.
Preference modeling and articulation have been surveyed ex-
tensively, ranging from a priori weights/reference points to
interactive elicitation and preference learning (Wang et al.,
2017). Interactive evolutionary MOO methods can learn
a decision maker’s value function or iteratively steer the
search toward a region of interest, reducing the burden
of selecting from a large Pareto set (Branke et al., 2015;
Larraga & Miettinen, 2025). However, these approaches
typically assume a single decision maker (or a unified prefer-
ence model) and require repeated human interaction, which
can impose cognitive/organizational costs in committee-
style, multi-stakeholder settings. In contrast, classical multi-
criteria decision analysis (MCDA) methods such as TOPSIS
rank a posteriori solutions using criterion weights and dis-
tances to an ideal point (Shih & Olson, 2022). While widely
used, such post-hoc ranking can obscure value pluralism
and does not directly quantify disagreement or veto risks
across heterogeneous stakeholders.

Social choice, veto robustness, and consensus metrics.
When multiple stakeholders have distinct preferences, the
problem resembles social choice: aggregating heteroge-
neous evaluations into collective decisions. Voting/social-
choice research studies aggregation rules and emphasizes
that majority efficiency and minority protection can be
in tension, motivating notions of veto and minority safe-
guards (Brandt et al., 2016; Kizilkaya & Kempe, 2025). In-
spired by these ideas, we define consensus feasibility using
worst-persona acceptability and veto-avoidance rates (CFR),
which makes coalition-like rejection risks measurable and
optimizable. Unlike abstract voting rules that assume di-
rect ballots, our setting derives stakeholder evaluations from
auditable engineering evidence and distributional metrics,
bridging quantitative optimization with deliberative legiti-
macy.

LLM/knowledge-grounded assistance for infrastructure
O&M and structured evaluation. LLM-based work-
flows are increasingly explored for infrastructure decision
support, especially when grounded by explicit knowledge
representations to improve consistency and auditability.
For example, knowledge-graph-driven bridge maintenance
decision-making has been proposed to structure reasoning
and reduce ambiguity in maintenance workflows (Wang
et al., 2026b;a). More generally, retrieval-augmented gen-

eration and dense retrieval provide a standard mechanism
to ground LLM outputs in external evidence and reduce
unfaithful generations (Lewis et al., 2020; Karpukhin et al.,
2020), and surveys on knowledge-enhanced language mod-
els systematize these grounding strategies (Hu et al., 2023).
Complementary to evaluation-centered uses, recent work
leverages LLMs to extract component-level condition and
damage information from narrative bridge inspection re-
ports/PDFs and fit mechanism-aware Markov deterioration
models, enabling large-scale predictive maintenance plan-
ning in Japan (Shinohara et al., 2025). Our work aligns
with the grounding principle, but places the LLM in an
evidence-only evaluation loop to quantify multi-stakeholder
acceptability and disagreement as optimization objectives.
Crucially, the LLM is restricted to an evidence-only plan-
summary JSON and produces structured scores, comple-
menting classical cost—risk—service metrics and distribution-
aware disruption accounting while improving auditability
in safety-critical settings (Choi et al., 2024).

3. Proposed Method

We propose an end-to-end framework for decision-ready
bridge maintenance planning that couples constrained multi-
objective optimization with two explicit signals of social
feasibility: (i) distribution-aware disruption metrics com-
puted from Virtual Citizens, and (ii) an LLM-based multi-
stakeholder evaluator that scores plan acceptability and
disagreement across personas. A key design choice is to
use a lightweight bridge digital twin: evolutionary MOO
requires evaluating thousands of candidate plans, so the sim-
ulator must be fast while still producing auditable evidence
(cost/risk/disruption traces) for downstream justification.
Crucially, the LLM is used only as an evidence-grounded
evaluator operating on structured plan summaries (evidence-
only plan-summary JSON), which mitigates hallucination
and improves accountability by making every score trace-
able to explicit inputs. Our notion of decision-ready focuses
on producing reviewable artifacts (evidence traces, plan
cards, and consensus signals), rather than claiming high-
fidelity absolute forecasts. Figure 2 illustrates the pipeline.

3.1. Problem Setting and Decision Encoding

Let B = {1,...,N} be bridges and 7 = {1,...,T} the
annual planning horizon. Each bridge 7 has an initial con-
dition distribution p; ; € A* over {CS1, CS2, CS3, CS4},
computed by aggregating element-level inspection quan-
tities into bridge-level ratios. We consider interventions
A ={none,minor,major, replace} and restrict to at
most one intervention per bridge during the horizon for scal-
ability. This simplification is sufficient to test the core ques-
tion of this paper—how to optimize consensus feasibility as
an explicit objective given auditable plan evidence—and the
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Figure 2. Decision-ready planning framework: a lightweight
digital-twin simulator produces evidence (risk/cost/disruption
traces) for constrained multi-objective optimization; Virtual Citi-
zens capture distributional burdens (tail and inequality); an LLM
evaluator scores multi-persona acceptability using evidence-only
plan summaries.

same evidence interface extends to richer encodings (e.g.,
multiple interventions, bundled projects, or additional re-
source constraints). A plan is encoded as an integer genome
g € {0,...,3T}" and decoded into an action type and
execution year for each bridge.

Decision-ready outputs (artifacts and signals). For each
candidate plan x, the framework produces (i) auditable
annual evidence traces (cost/risk/disruption with budget
margins), (ii) distributional burden summaries from Vir-
tual Citizens (e.g., tail burden and inequality), and (iii)
multi-persona acceptability/disagreement signals from an
evidence-restricted evaluator. These are compiled into stan-
dardized plan cards and an evidence-only plan-summary
JSON suitable for deliberation, review, and audit.

3.2. Lightweight Digital-Twin Simulator

Given a decoded plan, a lightweight simulator produces au-
ditable annual traces of condition/risk, agency cost, and user
disruption. We define a scalar risk proxy from a condition
distribution:

4
p(p)=> wip®,  w=1[0,0.1,05 10|, (1)
k=1

where weights are monotone by condition state and en-
code the intended severity ordering (CS4 as highest-risk,
CS2/CS3 as intermediate). Deterioration is modeled as a
monotone Markov process with a risk-coupled rate, and
interventions apply a deterministic improvement operator
before propagation. This abstraction is not meant to re-
place high-fidelity deterioration models; rather, it provides
a consistent, computationally efficient mapping from inter-
ventions to risk trajectories that can be called thousands of
times inside NSGA-II. We further verify that key compar-
ative conclusions (e.g., CFR improvements) remain stable

under parameter perturbations (e.g., rate scaling and weight
variations; see Supplementary Sec. S1.3). Full transition
matrices, rate clipping, and action operators are given in
Supplementary Sec. S1.3.

Why lightweight is a design requirement. Our simula-
tor is intentionally lightweight to satisfy three operational
requirements:

* Design requirement (scale & interactivity): evolu-
tionary MOO evaluates thousands of plans; thus the
simulator must support fast what-if exploration and
repeated scoring within realistic time budgets (e.g.,
committee-style review).

¢ Relative validity (ranking/trade-off shape): decision
support often relies on comparative evidence (plan
ranking and trade-off structure) more than on agency-
calibrated absolute forecasts; we therefore emphasize
consistent, auditable traces for comparing candidate
plans under the same assumptions.

* Modularity (replaceable back-end): the simulator
and disruption proxy define an evidence interface
(traces and plan-summary fields) that can be replaced
by higher-fidelity twins or traffic-assignment modules
when available, while keeping the optimization and
social-feasibility evaluation unchanged.

We therefore interpret the current twin as a decision-support
back-end for relative comparison, not as a claim of histori-
cally calibrated predictive fidelity; calibrating or replacing
it with a higher-fidelity simulator is a compatible extension
of the same framework.

3.3. Objectives and Constraints

We optimize maintenance programs under annual budgets
while balancing safety, disruption, distributional burden,
and acceptability. The baseline objective vector is

m)zn F(X) = I:Jcost(x)v Jrisk(x)7 Jpeak(x)7 JUSGY(X)]’
(2)
st. Cy(x) < By, Vt€T. 3)

Here Joost (x) = >, 7' Cy(x) is discounted agency spend-
ing, Jyisk is discounted cumulative structural risk, Jpeak
captures worst-case annual risk, and Jyse; measures dis-
counted user disruption. Let p; ;(x) be the simulated risk
proxy for bridge 7 in year ¢ and «; its importance weight.
We define Jyisk(x) = >, 7 D0, i pie(x) and Jpeax (x) =
max,; max; p; (x) to capture high-consequence outliers.
Juser(x) = >, 7" >, AH; 1(x) measures discounted user
disruption in interpretable units (vehicle-hours), using
detour-time increments estimated from local OSM-based
shortest-path recomputation or conservative proxies.
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Virtual Citizens: distributional disruption beyond av-
erages. Portfolio-level user delay can obscure who bears
the burden. Instead of only optimizing an average proxy,
we simulate M Virtual Citizens' with heterogeneous bridge-
usage patterns and compute distribution-sensitive metrics.
In the default implementation, each citizen is a synthetic
archetype spatially anchored near the bridge set and as-
signed sparse top-k bridge exposures weighted by ADT and
distance; Supplementary Sec. S2.2 gives the full construc-
tion. Let A H,, (x) be the discounted added hours for citizen
m under plan x. We then define, for example,

Jpoo(x) = Quantile, o ({AHm(X)}%:l)v
Jgini(x) = Gini ({AH, (x)}M_,). 4)

These quantities expose tail burdens and inequality of dis-
ruption that are invisible to mean-based objectives. When
enabled, these Virtual-Citizen objectives are appended to
F(x).

Social meaning and privacy. Virtual Citizens are de-
signed to make concentrated burdens visible in planning,
surfacing cases where low average disruption still corre-
sponds to large tail impacts or high inequality. They do not
infer personal attributes or use individual mobility traces;
all citizens are simulated, enabling distributional accounting
while avoiding privacy risks.

3.4. LLM-based Multi-stakeholder Acceptance
Evaluation

Even Pareto-efficient solutions may be rejected due to insti-
tutional constraints and contested justifications. We there-
fore introduce an LLM evaluator that scores plan acceptabil-
ity and disagreement across personas. In this framework,
the LLM is treated as a proxy, early-warning evaluator for
potential veto and disagreement risks in committee-style
deliberation, not as normative ground truth. In the present
paper it is evaluated as an offline proxy layered over au-
ditable plan evidence rather than as a substitute for human
committee judgments.

Evidence-only grounding for auditability. For each plan,
we generate an evidence-only plan-summary JSON contain-
ing: intervention list, annual cost and budget margins, risk
trajectories, disruption indicators, and (if enabled) Virtual-
Citizens distributional metrics. The LLM is instructed to
use only this JSON as evidence and to output structured
persona scores. Because the entire input evidence is explicit
and logged, every score can be audited and compared across
runs.

'We also refer to them as synthetic citizens to emphasize that
they are fully simulated agents; we use Virtual Citizens as the
consistent proper name throughout.

Reproducibility and robustness controls. We use de-
terministic decoding (temperature = 0) and disk caching
keyed by a hash of the plan-summary JSON and persona
specification, ensuring deterministic reuse across optimiza-
tion generations. Prompt templates, persona definitions, and
the structured output schema are made explicit in the sup-
plementary material so that sensitivity analyses to persona
wording or model choice can be reproduced in future work.

Persona specification as a controlled variable. Hetero-
geneous stakeholder values are represented as a finite set of
personas S with K = |S| (e.g., Safety-first engineer, Budget
watchdog, Mobility advocate). Rather than treating “‘stake-
holder preference” as implicit behavior, we treat persona
definitions as explicit variables and define

Ji min =1—mi t , 5
LLM,min (X) min accepty(x) Q)

JLLM mean (X) = 1 — meangesaccepty(x), (6)
Jrim ais(X) = Varges(accept(x)). @)

Here Jr,1,M,min 1S @ veto-robustness proxy, Ji,1,M, mean SUM-
marizes average acceptability, and Jrym qgis captures polar-
ization risk. Prompt template, personas, caching strategy,
and structured output format are detailed in Supplementary
S2.2.

Complementary roles of Virtual Citizens and LLM eval-
uation. Virtual Citizens provide mathematically defined
distributional signals (e.g., tail burden and inequality of dis-
ruption). The LLM complements this by scoring contextual
acceptability (institutional and justification constraints) only
from explicit evidence in the plan-summary JSON. Using
both signals reduces reliance on any single proxy: distribu-
tional metrics constrain and contextualize LLM judgments,
while LLM scores capture acceptance dynamics not fully
specified by numeric objectives alone.

Mitigating LLM-gaming concerns. Optimizing accept-
ability cannot fabricate evidence: the LLM receives only
logged traces and summary fields, so improving its scores
requires changing the underlying plan and evidence. More-
over, we jointly optimize disagreement/dispersion signals,
discouraging plans that merely cater to a single persona at
the expense of broad consensus.

3.5. Constrained Multi-objective Optimization and
Outputs

We approximate the Pareto front with NSGA-II under an-
nual budget constraints. Each individual is decoded, simu-
lated, assigned objective values, and evaluated for constraint
violations. We use standard feasibility-first selection; de-
tailed settings (population size, mutation/crossover, integer
clipping) are reported in Supplementary S2.2. Algorithm 1
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summarizes the evaluation loop used within NSGA-II in
the supplementary material, and caching yields high reuse
across generations, reducing total LLM calls (see Supple-
mentary S2.2).

Decision-facing outputs. The method outputs nondom-
inated plans together with auditable artifacts: annual
traces, distributional disruption statistics, and persona-
conditioned acceptability scores, enabling downstream deci-
sion workflows that require both quantitative optimality and
stakeholder-facing justification.

4. Experiments
4.1. Experimental Setup
4.1.1. DATA AND PORTFOLIO CONSTRUCTION

Our primary data source is the U.S. National Bridge Inven-
tory (NBI). From a target region we construct a heteroge-
neous bridge portfolio with attributes such as location, deck
area, ADT, and an initial condition distribution p; 1 € A*
derived by aggregating element-level condition quantities
(CS1-CS4). Unless otherwise stated, we optimize subsets
of size N = 50 (and report trends for larger NV in Supple-
mentary).

4.1.2. DISRUPTION PROXY (OSM DETOURS)

When enabled, user disruption is estimated by a local OSM-
based detour proxy. For each bridge we tile-cache a road
graph within a bounding box (on the order of 10 km), com-
pare shortest-path travel times before/after removing the
bridge-linked segment, and conservatively cap detours when
no alternate route exists within the local region. This pro-
vides a physically interpretable disruption signal in vehicle-
hours.

4.1.3. OPTIMIZATION AND REPRODUCIBILITY

We optimize a T-year program under annual budgets using
NSGA-II with integer encoding/decoding (Section 3). Un-
less stated otherwise, we use 1" = 10, population P = 40,
generations G = 20, and discount rate d = 0.03. The LLM
evaluator uses deterministic decoding (temperature = 0)
and disk caching keyed by a hash of the plan-summary
JSON and persona specification, ensuring deterministic
reuse across generations. All quantitative results are re-
ported over R random seeds for initialization (and sam-
pling of bridge subsets/citizens), with identical seeds shared
across methods.

Stakeholder involvement and validation scope. The col-
laborating engineers from a railway operator and a major
general contractor contribute to requirement elicitation and
artifact design; they are not presented here as a source of

large-scale labeled preference data or as a deployed decision
committee. Accordingly, the experiments should be read
as an offline decision-support case study on public records
and synthetic citizens, designed to test whether stakeholder-
shaped requirements materially alter the trade-offs produced
by the optimizer.

Scaling note. The default NV = 50 setting keeps ablations,
qualitative inspection, and repeated seeded runs tractable.
Methodologically, the optimization loop scales with re-
peated simulator calls and, when enabled, with the number
of unique plan-summary hashes scored by the LLM evalu-
ator. Without caching, the number of scored plans grows
on the order of P x G per run; caching and staged evalu-
ation are therefore important for larger portfolios and are
discussed further in the supplementary material.

4.2. Baselines, Ablations, and Cross-evaluation

Baselines (decision-making realism). We compare
against baselines that mirror common practice and a mini-
mal fairness-aware alternative:

¢ (a) Cost-only (scalar): minimize discounted life-cycle
cost under annual budgets.

¢ (b) Classical MOO (engineering trade-off): multi-
objective optimization over cost and safety risk (cost vs.
cumulative/peak risk), representing standard portfolio-
level trade-off analysis.

¢ (b*) Fairness-aware MOO (constraint/weight): in-
corporate inequality via a simple fairness mechanism,
e.g., Jgini(x) < 7 as an additional constraint or a
weighted term (engineering objectives +A Jgini), rep-
resenting a standard fairness-aware extension without
stakeholder modeling.

* (c) Proposed (Full): engineering objectives plus Vir-
tual Citizens (tail/inequality) and LLM-derived accept-
ability/disagreement objectives.

To isolate each module’s contribution, we also include abla-
tions +VC and +LLM.

Cross-evaluation for fair comparison. Methods differ in
which objectives they optimize, but decision readiness must
be assessed on a common basis. Therefore, after each run
we re-score all returned solutions using the same evaluation
pipeline: the simulator generates objective traces; Virtual
Citizens compute distributional metrics; and the LLM eval-
uator assigns persona scores from the plan-summary JSON.
This enables direct comparisons such as: “How acceptable
are plans produced without optimizing acceptability?” and
supports the central claim that small engineering trade-offs
can yield large gains in consensus feasibility.
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Table 1. Experimental settings (minimum set for reproducibility).

Item

Value

Portfolio size
Planning horizon
Optimizer

Population / generations

Discount rate
Annual budget
Action set
Virtual Citizens
LLM evaluator
OSM detours

N = 50 bridges (default; larger N in Supplementary)
T = 10 years

NSGA-II (integer encoding/decoding)
P=40,G=20

d=0.03,7 = (1+d)~¢1

{B;}L_, (uniform unless stated)
{none,minor,major, replace}

enabled: M = 800, top-k = 6 exposures per citizen
temperature = 0, /X personas; caching enabled
tile-cached; capped when no feasible alternate route

Table 2. Compared variants and which objectives are exposed to NSGA-IL. All variants are evaluated with the full metric suite via

cross-evaluation (VC+LLM), even if those objectives were not optimized.

Variant Virtual Citizens LLM Objectives exposed to NSGA-II

(a) Cost-only - - [Jeost]

(b) Classical MOO - - [Jeost Jrisks Jpeak)

(b*) Fairness-aware MOO - - [Jeost > Jrisk, Jpeak, Jusers Jgini)

+VC v - [Jcosta Jrisk7 Jpeak; Jusera JpQOa Jgini]

+LILM - \/ [Jcosta Jriska Jpcak; Juscrv JLLM,mina JLLM,dis]

(C) Full (Proposed) v v [Jcost7 Jrisln Jpeak7 Juser7 Jp907 Jgin17 JLLM,minu JLLM,dis]
4.3. Results o cost'vs4 Safety Risk ing trade-off) 1o Cost vs. Rejection risk (1 - A_min)

4.3.1. QUANTITATIVE RESULTS: TRADE-OFFS AND
CONSENSUS FEASIBILITY

Figure 3 visualizes representative Pareto projections. Clas-
sical baselines (cost-only and engineering MOO) recover
efficient cost—risk trade-offs, but cross-evaluation reveals
that many solutions concentrate disruption or trigger per-
sona vetoes despite strong engineering scores. By contrast,
adding Virtual Citizens shifts the frontier toward lower tail
burden and inequality at comparable risk, demonstrating
that fairness is not redundant with mean disruption. Adding
the LLM objectives shifts the frontier toward higher worst-
persona acceptability and lower disagreement, often requir-
ing only a modest cost increase (quantified by AJcost(0)).
To highlight impact, we additionally plot a CFR—cost “L-
curve” (Supplementary), showing that a small cost increase
can sharply reduce rejection (1—CFRy) in the practical
regime.

‘We emphasize two decision-relevant regimes: (i) low-risk
regime where incremental spending yields diminishing
safety returns but large gains in consensus feasibility (high
CFRy), and (ii) contentious regime where average disrup-
tion is small yet tail burden (e.g., P90) and inequality re-
main large, causing vetoes from resident-advocate personas.
These regimes support the claim that the proposed objec-
tives expose “social feasibility” trade-offs that are invisible
to classical engineering MOO.
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Figure 3. Pareto projections highlighting engineering trade-offs
and decision-legitimacy signals. Left: normalized cost vs. nor-
malized safety risk. Right: normalized cost vs. rejection risk
(1 — Amin) (lower is better), where Am;in is worst-persona accept-
ability. Marker shape denotes the optimization variant (Classical
MOQO, fairness-aware b*, +VC, +LLM, Full), marker size encodes
tail burden (P90), and marker color encodes inequality (Gini). An-
notated regions illustrate a low-risk regime (diminishing safety
returns with added cost) and a contentious regime (low average
but high tail or inequality associated with elevated rejection risk).

4.3.2. QUALITATIVE RESULTS: INTERPRETING LLM
REJECTIONS AND VC FAILURE MODES

Quantitative Pareto statistics do not fully capture whether a
plan is interpretable to a decision committee. We therefore
inspect representative plans selected from each Pareto set:
minimum-cost, minimum-peak-risk, minimum-inequality,
and maximum-worst-acceptability. For each plan we pro-
duce a standardized plan card (plan-summary JSON ren-
dered into a human-facing table) containing yearly budgets,
risk/disruption traces, fairness metrics, and persona scores.

We additionally report LLM rejection rationales for a small
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Table 3. Selected quantitative comparison across the five primary optimization variants (mean =+ std over R=5 seeds). HV is computed
after normalization with a common reference point. CFRy measures consensus feasibility (no-veto rate). The fairness-aware baseline b* is
defined in Table 2 and visualized in Figure 3; Table 3 focuses on the main module ablations that support the paper’s central claim. Please
refer to Supplementary Sec. S2.1 for the complete list of quantitative evaluation metrics and their precise definitions.

Metric Cost-only  Classical MOO +VC +LLM Full

HV (normalized) 0.41 £0.03 0.63 £0.02 0.68 +£0.02 0.66 = 0.03 0.74 +0.02
Feasible rate (%) 100.0 £0.0 98.2+1.3 97.6 £ 1.5 96.8 + 1.7 95.4+1.2
CFR .6 (%) 28.4 +6.1 41.7+ 5.4 58.24+4.3 63.9+ 3.9 786 +4.1
Min Jgin; at matched risk 0.39 £0.04 0.33 £0.03 0.224+0.02 0.31 £0.03 0.24 £0.02
Min Jp,1,M,min at matched risk 0.54 4+ 0.05 0.48 +0.04 0.454+0.05 0.314+0.03 0.33+£0.04
Acceptance cost premium A J¢os;(0.6) +0.0% +1.8% +2.4% +3.1% +3.5%

Evidence-only plan

(1) Budget cost
Annual budget margin: $2.1M
Total cost: $150M

(2) safety

Risk trajectory: \\ Peak risk: 0.25

(3) Disruption

Persona-conditioned scores(LLM)

Persona P1

Resentstvocate B Accept=0.32

Fixed reason:
Equity™/Tail burden®/Concentration

Accept=0.72

Persona P2
Commuter

Fixed reason:
Mean disruption,/Budget ok

Accept=0.66

Mean disruption: 12 min

Max concurrent closures: 5 Persona P3

(4) Fairness Taxpayer
P90 burden: 45 min, Gini: 0.42

Complaint rate: 0.03

Fixed reason:
Cost ok/Riskimproves

A
Audit/reproducibility controls l
[ input: evidence-onlyssoN ] Temp=0(deterministic) | [ cache(hash-key) |

Figure 4. Evidence-grounded interpretability for a vetoed plan.
Left: evidence-only plan summary (auditable fields) including
budget/cost, safety (risk trajectory/peak risk), disruption (mean
disruption/max concurrent closures), and Virtual-Citizens fairness
metrics (P90, Gini, complaint rate). Right: persona-conditioned
acceptability scores from an evidence-restricted LLM evalua-
tor (proxy), with fixed-label reasons (no free-form text). Ar-
rows link each reason category (e.g., Equity?, Concentrationt,
Budget ok, Risk improves) to the corresponding measurable
evidence fields, illustrating the evidence-only interface. Bot-
tom: audit/reproducibility controls (evidence-only JSON input,
temperature= 0, cache by hash key) enforcing no free-form evi-
dence.

No free-form evidence

number of vetoed plans. Because the LLM is evidence-
restricted to the plan-summary JSON, the cited reasons map
directly to measurable fields (e.g., simultaneous closures,
high P90 burden, or inequitable allocation across neighbor-
hoods). A particularly informative pattern is a plan with
low mean disruption but high tail burden and Gini; such
plans are often rejected by resident-advocate personas for
perceived unfairness, which aligns with the Virtual-Citizens
metrics. We include one representative example in Figure 4.

4.3.3. ABLATION: WHAT EACH MODULE ADDS

The ablation study isolates when each component is prac-
tically meaningful. Virtual Citizens explicitly optimizes
tail and inequality, making “low-average but unfair” so-
lutions avoidable. The LLM evaluator introduces an or-
thogonal axis—multi-persona consensus feasibility—which
cannot be recovered by engineering proxies alone; cross-
evaluation shows that optimizing Jy1,M,min and disagree-
ment increases CFRy and reduces polarization with modest

engineering trade-offs. The fairness-aware baseline (b*)
improves inequality but does not directly quantify veto risk
or disagreement, highlighting why acceptability signals are
not reducible to fairness objectives alone.

5. Conclusion

This paper addressed a persistent gap in digital-twin-enabled
infrastructure management: although sensing and simula-
tion increase visibility and multi-objective optimization can
generate Pareto-efficient maintenance programs, real adop-
tion is often constrained by explainability, distributional
burdens, and heterogeneous stakeholder acceptability. We
proposed a unified decision-ready framework that couples
constrained multi-objective optimization with (i) a Virtual
Citizens module that quantifies tail disruption and inequality
and (ii) an evidence-restricted LL.M-based evaluator that
scores multi-persona acceptability and disagreement from
evidence-only plan-summary JSON artifacts.

Across experiments, introducing fairness- and acceptability-
aware objectives reshaped the Pareto frontier beyond clas-
sical cost-risk—disruption trade-offs, surfacing plans that
are similar in engineering efficiency yet meaningfully im-
proved in distributional burden and veto-robustness. Impor-
tantly, our use of “decision-ready” does not claim agency-
calibrated predictive accuracy; rather, it denotes the avail-
ability of auditable evidence traces and standardized plan
artifacts that make trade-offs, burdens, and potential veto
risks reviewable in committee-style workflows. By keeping
constraints explicit and restricting the LLM to structured
evidence (with reproducibility controls such as determin-
istic decoding and caching), the framework supports ac-
countable deliberation in safety-critical, socially sensitive
infrastructure planning. We provide auditable plan artifacts
that support deliberation and accountability, not just Pareto
sets.
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Supplementary Material for Decision-Ready Bridge Maintenance
Planning with a Lightweight Digital Twin, Synthetic Citizens, and
Evidence-Restricted LLLM Consensus Proxies

S1. Proposed Method (Extended Details)

S1.1. Positioning against alternative approaches

Table 4 summarizes how our approach differs from interactive preference-based MOO, post-hoc MCDA, and social-choice-
style aggregation, highlighting our focus on (i) explicit multi-persona disagreement and veto robustness, and (ii) auditability
via evidence-restricted evaluation.

Table 4. Positioning of our framework relative to common alternatives for preference handling and collective decision support.

Approach family Strengths Limitations in multi- Typical operational bur-
stakeholder public den
decisions
A posteriori MOO + post-hoc  Simple ranking from Weights may  hide Low (one-shot scoring),
MCDA (e.g., TOPSIS) (Shih weights; easy to imple- value conflicts; limited but requires agreed
& Olson, 2022) ment treatment of disagree- weights

ment/veto; fairness often
implicit

Preference-based / interactive
MOO (Wang et al., 2017;
Branke et al., 2015; Léarraga
& Miettinen, 2025)

Social choice / voting-style ag-
gregation (Brandt et al., 2016;
Kizilkaya & Kempe, 2025)

This work: constrained
MOO + fairness + evidence-
restricted LLM evaluation

Targets region of interest;
can reduce Pareto over-
load

Explicitly studies collec-
tive choice; can model
veto/minority protection

Optimizes engineering +
fairness + veto robust-
ness; quantifies disagree-

Often assumes a single
DM or unified preference;
repeated interactions may
be costly in committees

Typically assumes di-
rect ballots; may lack
evidence-grounded audit
trail and engineering
constraints

LLM is a proxy evalua-
tor and requires robust-
ness governance; depends

Medium-High (iterative
elicitation / learning loop)

Medium (requires prefer-
ence reporting / ballots)

Medium (LLM scoring
mitigated by deterministic
decoding/caching)

ment; evidence-auditable on summary-field design
artifacts

S1.2. Per-Bridge Intervention Cost Estimation and Calibration

Purpose and scope. This work focuses on decision-ready portfolio planning under annual budgets. Accordingly, we
use an intervention agency-cost model that is (i) lightweight enough to be evaluated thousands of times inside NSGA-II,
(ii) auditable (explicit unit-cost assumptions), and (iii) calibratable to agency bid-tab databases. The model targets direct
repair/rehabilitation/replacement costs and does not include user costs (which are handled separately through disruption
objectives).

Cost proxy used in optimization. Each bridge ¢ is assigned at most one intervention a; €
{none,minor,major, replace} scheduled at year 7; € {1,...,T}. We compute the annual spending as

Z ci(ai)7

1 Ty =t

t=1 T

Ci(x) ; ®)

ey
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and enforce feasibility via C;(x) < B,. Following the main text, we use a linear size-scaled cost proxy

Ai

¢i(a) = u(a) - 108"

©))

where A; is a bridge size proxy (deck area by default), and u(a) are action-type multipliers. The normalization by 10* keeps
objective magnitudes in a numerically convenient range.

Bridge size proxy (deck-area scaling). We use deck area as the default size proxy,
Ai=L;- W, (10)

where L; and W; are available from standard bridge inventory attributes (e.g., NBI length/width fields). Deck-area scaling is
also consistent with common practice in reporting bridge unit costs, where costs are normalized by total deck area to enable
cross-project comparability (Federal Highway Administration (FHWA), 2020). If element-level quantities are available,
the same linear form can be instantiated using aggregated quantities (e.g., total element quantities) instead of A;, while
preserving the calibration procedure below.

Unit-cost anchors from public guidance (replacement and rehabilitation). To ground the magnitude of u(replace)
and u(ma jor) in widely cited public data, we use FHWA guidance reporting bridge replacement unit costs in $/ft> (deck
area) and a rehabilitation-to-replacement ratio. Specifically, FHWA defines replacement unit costs by dividing total project
cost by total deck area and reports national/state-level unit-cost values (Federal Highway Administration (FHWA), 2020).
The same guidance provides a representative rehabilitation cost level as a fraction of replacement cost (e.g., rehabilitation as
a fixed proportion of replacement) (Federal Highway Administration (FHWA), 2019). These references provide a principled
anchor for mapping our normalized proxy (Equation 9) to physical currency units.

Minor vs. major actions (preservation/repair/rehabilitation). To support the relative ordering u(minor) <
u(major) < u(replace), we rely on published tables of bridge repair/rehabilitation/replacement unit costs and agency
cost-estimate documents. For example, FHWA bridge preservation guidance summarizes representative unit costs for deck
repair, deck rehabilitation, and deck replacement (by region) (Federal Highway Administration (FHWA), 2011). Moreover,
DOT cost-estimate sheets provide auditable itemized evidence that preservation/repair actions (e.g., deck crack sealing,
surface treatments) occur as distinct pay items at substantially smaller magnitudes than full replacement contracts (New
Hampshire Department of Transportation, 2024). In practice, we recommend calibrating «(minor) from a library of preser-
vation/repair bid items (e.g., sealants, minor patching, localized repairs) and calibrating u(ma jor) from rehabilitation-class
contracts (e.g., deck rehab/superstructure rehab), both normalized by deck area.

Calibration recipe to agency bid tabs. Let U (a) denote an empirically estimated unit cost for action type a in $/m? (or
$/ft2), obtained from historical projects by (i) categorizing contracts into action classes (minor/major/replace), (ii) extracting
total costs attributable to the class, and (iii) normalizing by total deck area. We then map to our normalized coefficients as

Y

~

where Uy is a chosen scale (e.g., Uy = U(replace) so that u(replace) ~ 1), and optionally apply region/structure-type
multipliers (steel vs. concrete, urban vs. rural) if such stratification is supported by the data.

Sensitivity and reporting. Because unit costs vary across states, time, and scope, we recommend reporting (i) the chosen
u(a) values, (ii) the underlying unit-cost source(s), and (iii) a sensitivity sweep where u(a) is perturbed within plausible
ranges inferred from public guidance and/or local bid tabs. This makes the cost model auditable and ensures that qualitative
conclusions (e.g., frontier reshaping by fairness/acceptability objectives) are not artifacts of a single cost table.

S1.3. Bridge Digital Twin Simulator

Given a plan x (decoded from g), we simulate year-by-year evolution of each bridge’s condition distribution. The simulator
is intentionally lightweight: it is fast enough to be called thousands of times inside NSGA-II, yet expressive enough to
generate auditable evidence (trajectories of costs, risks, and disruptions).
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S1.3.1. RISK PROXY AND RISK-COUPLED DETERIORATION

We define a scalar risk proxy from a state distribution p:

4
pp) => wp™,  w=10,0.1, 05, 1.0], (12)
k=1

which increases as probability mass shifts to worse condition states. In the prototype implementation, a bridge-specific
baseline deterioration rate is computed from interpretable covariates (e.g., age and ADT), and then coupled to current risk:
Aip = clip(Aig + 0.8 p(piye), 0, 1), (13)

where ;\i,t is the baseline (e.g., increasing with age and traffic) and the coupling term captures accelerating deterioration in
already-degraded states. This coupling mirrors the implementation used to keep the model simple yet behaviorally plausible.

S1.3.2. MONOTONE MARKOV TRANSITION

We model deterioration as a monotone Markov transition (no spontaneous improvement):

Pit+1 = Pit P()\i,t) ) (14)
where P()\) is upper-bidiagonal (CS4 is absorbing):
1-— T12(>\) 7’12(/\) 0 0
O 1 7?”23()\) 7”23()\) 0
P\ = ) 15
() 0 0 1= r3a(A) 34(N) (15
0 0 0 1

Transition rates are clipped to remain probabilistically valid and to avoid unrealistically fast transitions. A simple parameter-

ization consistent with the code is:
r12(A) = min(0.25, 0.03 + 0.12)),

r93(A\) = min(0.25, 0.02 + 0.10)\), (16)
r34(A\) = min(0.30, 0.02 + 0.14)).
This model is not intended to replace high-fidelity deterioration models; rather, it provides a consistent, computationally
efficient mapping from interventions to risk trajectories, enabling large-scale exploratory search.

S1.3.3. INTERVENTION OPERATOR

If bridge ¢ is maintained at year ¢t = 7; with a; # none, we apply an instantaneous improvement operator before
deterioration:

Pit = A, (Pit)s Pit+1 = Pi,t P(Nig). 17
We use linear mass-transfer rules that approximate typical rehabilitation effects:

Aninor 1 PP =p® —0.25p@, p® p® +0.25p3),
PP p® —0.20p?, pM pM 1 0.20p?, (18)
Anasor 1 p® —p@ —0.40p@ | p® p® 4 0.40p®,
p(3) <—p(3) _ 0.50p(3), p(2) <—p(2) + 0.50])(3)7
PP p® —0.40p?, pM pM 1 0.40p?, (19)
Areprace - P+ [1,0,0,0]. (20)

S2. Experimental Results (Additional Details)
S2.1. Metrics

Engineering efficiency. We report (i) hypervolume (HV) of the Pareto set after objective normalization and a common
reference point, (ii) feasibility rate under annual budgets, and (iii) risk/disruption statistics at matched cost or matched risk.
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Algorithm 1 Pareto Search with Virtual Citizens and LLM Stakeholders

1: Initialize population {g(j)}f=1 with sparse-biased integer sampling.

2: for gen = 1 to G do

3:  for all individuals g/ do

4 Decode g) — x() (action type and execution year per bridge).

5: Simulate dynamics to compute objectives and annual-budget constraint violations.
6 if virtual citizens enabled then

7 Compute distributional metrics (e.g., P90, Gini, complaint rate).

8

9

end if
: if LLM evaluation enabled then
10: Build evidence-only summary s(x(j )) (plan-summary JSON) and query personas.
11: Cache LLM outputs keyed by a hash of s(x(/)) to control cost and improve reproducibility.
12: Aggregate persona scores (worst/mean/disagreement) into minimization objectives.
13: end if
14:  end for

15:  Apply NSGA-II selection (nondominated sorting + crowding) with constraint handling.
16:  Generate offspring via crossover/mutation on integer genomes with clipping.

17: end for

18: return nondominated plans with accompanying evidence artifacts.

Consensus-Feasibility and social-legitimacy metrics. We define Consensus-Feasibility Rate (CFR) as the fraction of
feasible solutions that avoid a veto: )
CFRy = 5 D M Amin(x) > 6], 1)

xeP

where P is the feasible nondominated set and A, (X) = ming accept,(x). We report CERy for a small set of thresholds
(e.g., 0 € {0.4,0.6,0.8}). We also report distributional fairness metrics (e.g., Jp90> Jeini,» complaint rate) to quantify
“low-average but unfair” failure modes.

Operational impact proxies (justification and review burden). To reflect justification overhead in decision workflows,
we report Justification completeness: the fraction of required evidence fields present in the rendered plan card (checklist
coverage). We also report a review burden proxy: the number of candidate plans that must be inspected to find at least one
no-veto solution (e.g., Apin(Xx) > 6), approximating committee workload.

Acceptance cost (trade-off quantification). To make the main claim decision-relevant, we quantify the minimum
engineering sacrifice required to achieve consensus: for a target threshold €, define the Acceptance Cost Premium as

Adeost(0) = min Jeost (X) — min Jeost (%), (22)

X: Amin(x)>6

(and analogously at matched risk/disruption). This directly supports statements like: “a small cost increase yields a large
reduction in disagreement and inequity.”

S2.2. Implementation

Planning horizon, actions, and constraints. We plan over a discrete horizon of 7" years (default 7" = 10 in the prototype).
Each bridge ¢ is assigned at most one intervention action and its scheduled year; annual budget feasibility is enforced via
inequality constraints applied to each year (e.g., g:(x) < 0fort = 1,...,T), where g; measures overspending relative to
the annual budget.

Multi-objective optimization. We use NSGA-II to approximate the Pareto set under the objectives defined in the main
paper. The default optimizer configuration uses population size P = 40 and G = 20 generations, with integer-aware
sampling and variation operators. Each candidate plan is evaluated by simulating yearly deterioration and applying
intervention effects, producing discounted objective traces. Discounting uses a constant annual discount rate (default 0.03).
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Virtual Citizens (distributional disruption). We instantiate a population of synthetic citizens (default n. = 800), each
representing an abstract traveler exposed to bridge closures. Each citizen is assigned a type (e.g., commuter-, logistics-,
vulnerability-oriented archetypes) that determines trip intensity and tolerance. Citizens are spatially anchored by sampling
“home” locations near the bridge set and adding geographic jitter, producing heterogeneous proximity without requiring
mobility traces.

Exposure is operationalized by assigning each citizen j a sparse set of top-k bridges (default £ = 6). The affinity between
citizen j and bridge ¢ is modeled as:

wie o (log(1+ ADTy))® (dje +1) 7, (23)

with default parameters o = 0.6 and 8 = 1.4, where d;, is the great-circle distance between citizen j and bridge /.
Normalizing w;, yields per-citizen bridge-use probabilities over the selected top-% bridges. Given a plan, closures induce
added travel time that is accumulated per citizen across the horizon (with discounting). From the per-citizen burden
distribution, we compute tail (e.g., CVaR g or P90), inequality (Gini), and complaint signals (hard rate above tolerance and
a soft complaint score), which are reported and optionally included as optimization objectives.

LLM-based virtual stakeholder evaluator. We incorporate an LLM as a structured evaluator that scores a plan from
multiple stakeholder personas. The key design choice is to restrict the LLM to evidence provided in a machine-readable plan
summary JSON, mitigating hallucinations and improving auditability. For each plan, the JSON includes budget compliance
signals, cost/risk/disruption aggregates, and (when enabled) Virtual Citizens statistics such as Gini, complaint rate/score,
and tail impacts. The LLM is prompted to output only JSON persona scores (no prose). We use deterministic decoding
(temperature = 0) and cache responses keyed by a hash of the plan summary and persona specification, enabling efficient
reuse and reproducibility across runs. Persona-level outputs are aggregated into robustness and disagreement indicators (e.g.,
worst-case acceptability, mean acceptability, and dispersion).

Figure 5 summarizes the evidence-restricted evaluation interface: an evidence-only plan-summary JSON is provided to the
evaluator, persona-conditioned scores are returned in structured JSON, and the outputs are aggregated into acceptability and
disagreement indicators suitable for audit and reproducibility.

Ethics and privacy note. The experiments use only public infrastructure records and fully synthetic citizen agents; no
personally identifiable mobility traces or human subject data are collected. The LLM is used as an evaluator conditioned on
structured evidence summaries, and limitations and potential biases are discussed in the main paper.

S2.3. Discussion and Limitations

Figure 6 illustrates how Virtual Citizens and LLM-based evaluation expose decision-legitimacy trade-offs that may be hidden
under aggregate engineering objectives—e.g., low average disruption can still correspond to high tail burden/inequality,
and veto-robust acceptability can vary substantially across Pareto-efficient plans. In practice, these signals help surface
“solutions exist but do not pass” failure modes and support deliberation by making equity and veto risks explicit alongside
traditional cost-risk trade-offs.

Robustness We treat the LLM evaluator as a decision-support proxy rather than ground truth. To assess stability, we
re-evaluate a subset of solutions under (i) small perturbations in persona wording and (ii) repeated scoring with identical
evidence (enabled by caching and deterministic decoding), and report variance of persona scores and CFRy (Supplementary).
To assess robustness to the lightweight simulator assumptions, we also perform a parameter perturbation sensitivity analysis
(e.g., deterioration rates and intervention effects) and verify that the relative CFRy improvements of the proposed variants
are preserved (Supplementary). We also report computational overhead: Virtual Citizens cost scales with M and sparsity k,
while LLM calls dominate; caching and the evidence-only JSON interface mitigate both cost and reproducibility concerns.

Decision support, not decision replacement. A central design choice in our framework is to preserve hard operational
constraints and auditable engineering signals, while using generative Al only to evaluate the social feasibility of candidate
plans. Accordingly, the LLM outputs should be interpreted as decision-support indicators (e.g., potential veto risk,
disagreement, or perceived unfairness), not as normative ground truth. Final decisions remain with agencies and stakeholder
processes, which can contest, override, or refine any plan.
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AlI-DRIVEN INFRASTRUCTURE PLAN EVALUATION PIPELINE
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Figure 5. LLM-based multi-stakeholder evaluation: evidence-only plan summary JSON, persona-conditioned scoring, and aggregation.
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Figure 6. Decision-legitimacy trade-offs enabled by Virtual Citizens and LLM evaluation.

Ethical considerations and bias risks. LLM-based evaluation can introduce biases stemming from training data, persona
specification, and prompt framing. If left unmanaged, such biases could systematically favor certain communities or
narratives, thereby affecting resource allocation in ways that conflict with public values. We mitigate these risks by (i)
restricting the LLM to an evidence-only plan-summary JSON to reduce hallucinations and hidden assumptions, (ii) explicitly

16



Consensus-Aware Bridge Maintenance Planning with Auditable Evidence and Multi-Stakeholder AI Evaluation

representing value pluralism through multiple personas, and (iii) exposing disagreement as a measurable output rather than
collapsing to a single score. Nevertheless, careful governance is required in deployment: persona definitions should be
documented and reviewed, sensitive attributes must be avoided or handled via approved fairness policies, and auditing
should include stress tests under alternative persona sets and prompts.

Limitations. First, the digital-twin simulator is intentionally lightweight to enable thousands of evaluations inside
NSGA-II. While this supports scalable Pareto search and transparent traces, it simplifies deterioration dynamics, work-zone
interactions, and network traffic assignment; thus, absolute performance values should not be interpreted as agency-calibrated
forecasts. Second, the disruption proxy relies on localized OSM-based detours (with conservative caps) and does not
model system-wide rerouting equilibrium. Third, despite deterministic decoding and caching, LLM judgments may remain
sensitive to prompt wording, persona templates, and summary-field choices. Finally, the current optimization encoding
assumes at most one intervention per bridge; richer life-cycle policies (e.g., multiple actions, bundling, or crew/resource
constraints) are not yet represented.

Future work. Promising directions include substituting calibrated semi-Markov deterioration models and validated
traffic/assignment modules, adding explicit operational constraints (e.g., bundling, work-zone capacity, equity constraints by
region), and improving LLM robustness via repeated scoring, uncertainty estimates, and human-in-the-loop validation on a
small set of plans. Algorithmically, staged evaluation and surrogate modeling can reduce LLM calls by scoring only filtered
frontier candidates, enabling larger portfolios.

S2.4. Ethics Statement.

Privacy. Our experiments use only public infrastructure records and fully simulated Virtual Citizens; we do not collect, infer,
or process any personally identifiable information, individual mobility traces, or sensitive attributes. The Virtual Citizens
model is used solely to estimate distributional burden (e.g., tail delay and inequality) without tracking real individuals.

Bias and limitations. The LLM-based evaluation may reflect biases from model pretraining, persona specification, and
prompt framing. Accordingly, acceptability scores should be interpreted as decision-support signals (e.g., potential veto
risk), not as normative ground truth.

Mitigation and governance. We mitigate risks by restricting the LLM to an evidence-only plan-summary JSON and
requiring structured score outputs, which improves auditability and reduces hallucination pathways. We further promote
reproducibility via deterministic decoding and caching, treat personas as controlled experimental variables, and report
disagreement/dispersion metrics alongside aggregate acceptability to avoid collapsing value pluralism into a single score.
In deployment, persona sets and evaluation templates should be documented, reviewed by domain stakeholders, and
stress-tested under alternative persona/prompt variants, with human decision makers retaining final authority.
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