
Scalable Uncertainty-Aware Decision Frameworks for
Energy-Mobility Cyber-Physical Systems

Rishav Sen
Vanderbilt University

Nashville, USA
rishav.sen@vanderbilt.edu

ABSTRACT
Energy-mobility cyber-physical systems (EM-CPS) couple stochas-
tic mobility demand with time-coupled energy tariffs, creating deci-
sion problems where local charging actions can trigger system-level
peaks and long-horizon costs. This work progresses from classical
optimization to online decision-making and incentives. First, we
study mixed-fleet public transit scheduling under charger availabil-
ity and state-of-charge (SoC) constraints, using hierarchical MILP
decomposition to obtain feasible, low-cost schedules on real tran-
sit data. Second, we address workplace vehicle-to-building (V2B)
charging under persistent uncertainty in arrivals and building loads,
developing methods that combine rolling-horizon control with
constraint-aware learning to improve peak-driven objectives while
preserving feasibility. Third, we design CONSENT, a negotiation
mechanism for strategic EV users guaranteeing strategy-proofness,
individual rationality, and budget feasibility under uncertainty. We
validate the full stack in calibrated simulation grounded in real-
world survey, telemetry, and building-load data.
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1 INTRODUCTION
Energy-mobility cyber-physical systems require decisions that cou-
ple discrete assignments with time-coupled energy constraints.
Feasibility depends on limited resources (e.g., chargers and depot
power) and dynamic states (e.g., battery levels), while costs depend
on operational objectives and tariffs. These coupled constraints and
peak-driven objectives are now well documented across electrified
fleets and managed charging: mixed-fleet transit scheduling be-
comes a large combinatorial assignment problem under energy and
charging constraints [17], and unmanaged charging can materially
increase site peaks and demand-charge exposure [10].
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We begin with mixed-fleet bus scheduling, where diesel and
electric vehicles (EVs) must be assigned to fixed service blocks un-
der charger availability and SoC constraints, yielding a structured,
largely offline combinatorial optimization problem [15]. We then
turn to workplace Vehicle-to-Building (V2B) charging, where deci-
sions are made online under uncertain arrivals and building loads,
and costs are dominated by sparse billing-period peak events [8, 16,
21]. Unlike Vehicle-to-Grid (V2G) systems, which target grid-level
services such as frequency regulation and energy arbitrage on be-
half of a utility or aggregator, V2B positions the building operator as
the primary decision-maker minimizing a demand charge: a fee de-
termined by the single highest power draw over the billing period;
empirical evidence confirms that EV charging demand can materi-
ally reshape monthly peaks under common rate structures [6]. V2B
decision-making is shaped by two coupled challenges: (i) sparse,
peak-dominated objectives induced by demand charges alongside
uncertainty in arrivals, departures, energy requirements, and build-
ing loads; and (ii) strategic participation, as users retain private
information about their flexibility and may reject operator-assigned
schedules when incentives are misaligned. The remainder of this pa-
per describes these challenges, covering hierarchical combinatorial
optimization, learning under sparsity and uncertainty, incentive-
compatible negotiation, and simulation-based validation.

2 CLASSICAL OPTIMIZATION: A
HIERARCHICAL APPROACH

We begin with a setting where the main difficulty is feasibility un-
der coupled physical constraints. The task is to assign a limited
fleet to fixed service blocks while respecting charger availability,
depot power limits, and battery state-of-charge (SoC) dynamics for
electric buses. We formulate this as a mixed integer linear program
(MILP) with binary trip to bus assignment variables, time-coupled
SoC updates, and charging infrastructure constraints (e.g., charger
occupancy) [15].While a monolithicMILP captures the full problem,
it can become slow as the number of blocks, buses, and charging
decisions increases. To improve tractability, we use a hierarchical
decomposition that partitions resources into tiers based on require-
ments. We schedule the first tier (electric buses) first, since their as-
signments are tightly coupled with charging feasibility. The second
tier (hybrid/diesel buses) covers the remaining blocks without re-
quiring explicit charging decisions. If the second-stage assignment
is infeasible, we iteratively demote the least efficient electric bus
and re-solve until feasibility is restored. On one month of CARTA
data (from Chattanooga, TN, USA), this approach produces feasible
mixed-fleet schedules and reduces operating cost relative to the
observed deployment and a state-of-the-art baseline [17].
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3 LEARNING UNDER SPARSITY &
UNCERTAINTY

Month-long demand charges make the objective peak-driven and
sparse, while uncertain EV arrivals, requirements, and building
loads hinder predictability, complicating both optimization and
data-driven control. In V2B, a single rare peak can dominate cost,
making long-horizon credit assignment brittle, and uncertain ar-
rivals/departures and volatile loads render deterministic schedules
fragile. Prior EV-charging work typically addresses these challenges
via (i) receding-horizon optimization for peak shaving and bill re-
duction under hard constraints [21], or (ii) reinforcement-learning
(RL) controllers that adapt online without perfect forecasts but can
be sample-inefficient under delayed, sparse rewards and may vi-
olate constraints without careful structure [2, 20]. More broadly,
feasibility cannot be enforced post-hoc: safe and constrained RL
formalizes it as essential, yet still depends on problem structure to
remain stable in long-horizon, high-variance [1].

The online V2B formulation in [16] addresses uncertainty by
combining receding-horizon decision making with Monte-Carlo
sampling of plausible futures, estimating peak risk without scenario-
tree blowup and exposing a compute-performance trade-off suitable
for real-time operation. Overall, peak-dominated tariffs and hard
operational limits require hybrid decision pipelines: feasibility and
uncertainty handling are enforced by a domain-specific optimiza-
tion layer, while learning captures long-horizon demand-charge
effects that are difficult to represent with purely myopic objec-
tives [8]. We validate these methods in OPTIMUS [19], a calibrated
discrete-event testbed for workplace V2B that captures stochastic
arrivals and departures, SoC dynamics, infrastructure limits, and
peak-driven tariffs, and supports negotiation routines (Section 4).
Realism is anchored by a survey of EV behavior and flexibility, and
by telemetry data from real building-load traces that govern peak
formation, enabling stress tests that probe robustness under rare
peak events and correlated demand patterns [19].

4 AGENTS WITH PRIVATE INFORMATION
The learning-and-control pipeline above assumes that computed
schedules are followed, but in practice, V2B operators can only
shape charging based on user requests and opt-in constraints. EV
users may refuse charging delays, misreport flexibility, or strate-
gically manipulate stated requirements to extract incentives, espe-
cially when peak-driven objectives impose non-obvious trade-offs
at the individual level. As a result, operator-side control is insuffi-
cient unless paired with a mechanism layer that elicits flexibility
while preserving voluntary participation and operator viability.

As a result, operator-side control is insufficient unless pairedwith
a mechanism layer that elicits flexibility while preserving voluntary
participation and operator viability. There is a substantial line of
work in multi-agent systems on incentive-compatible EV charging:
Gerding et al. [5] design a strategy-proof online auction for EV
charging under capacity constraints, and Stein et al. [18] extend
this with a pre-commitment mechanism that guarantees truthful
reporting while remaining flexible about charging timing—a setting
structurally related to our per-vehicle departure constraints. Two-
sided market formulations [4] further highlight that both operator
and user incentives must be jointly managed.

CONSENT [14] (to be presented at AAMAS 2026) builds on this
tradition but targets the distinct V2B setting, where demand-charge
tariffs create non-obvious peak-driven trade-offs not present in
network-capacity-constrained V2G markets. It proposes a nego-
tiation framework that offers incentive-backed flexibility menus
and couples acceptance outcomes with downstream uncertainty-
aware control. The design is meant to form a “win-win” situation
for the EV user and the building operator. Each EV user is treated
as a strategic agent with private information about willingness
to shift departure time or accept reduced SoC. The mechanism
is constructed to satisfy three properties that are central for de-
ployability: strategy-proofness (truthful reporting is the dominant
strategy for each negotiation), individual rationality (participation
benefits each user relative to opting out), and budget feasibility (to-
tal incentives are bounded by operator savings). These guarantees
constrain menu construction and pricing, ensuring that economic
benefits from flexibility are shared without creating incentives for
manipulation. Empirical results reported indicate that incentive
alignment can reduce schedule rejection and improve both user-
and operator-side outcomes under uncertainty without sacrific-
ing feasibility, thereby converting user autonomy into a controlled
degree of freedom.

5 FUTUREWORK
A concrete next step is community-scale V2B coordination across
multiple buildings, depots, and fleets, allocating aggregate power
budgets over long horizons while each site enforces hard local fea-
sibility [9]. This setting also amplifies EV user persistence: many
users return repeatedly across days and weeks, enabling longi-
tudinal tracking of recurring arrival patterns and energy needs,
and allowing flexibility to be allocated proactively over the billing
period to reduce peak risk rather than reacting day-by-day [11].

Additionally, the objective can be expanded beyond long-term
demand charges to incorporate demand response (DR) signals that
are operationally distinct and grid-critical. DR is triggered by ex-
ternal events (e.g., emergency curtailment requests, critical peak
pricing, heat-wave stress) that are temporally sparse but can have a
disproportionate impact on reliability and peak management [3, 12].
These signals add a sparse-event decision layer: the controller must
curtail or reshape load on demand without violating EV service
guarantees or destabilizing demand-charge performance. We plan
to formulate joint demand-charge and DR objectives and adapt
learning and negotiation for sparse DR events, motivating hierar-
chical architectures that separate community-level coordination
from local execution [7, 13]. Another promising direction is the use
of multi-agent RL (MARL), though robustness under rare events
remains an open challenge [22].
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