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Abstract

Decentralized agents that share a hard resource limit, such as electric vehi-
cles charging on a common feeder, must coordinate without exceeding it, yet
independent learners ignore the shared constraint and routinely violate it.
We study decentralized coordination for electric-vehicle charging under a hard
transformer-capacity limit and a time-of-use price, and seek coordination that
is simultaneously capacity-feasible by construction within the modeled feeder,
structurally interpretable, and feasible under the tested disturbances. We intro-
duce PACT (Priced Agent Coordination with Transparency), in which a single
broadcast price summarizes grid scarcity: each agent charges only when the
price is at or below a reservation threshold set by its urgency, and a market-
clearing step guarantees that the modeled capacity limit is never exceeded. The
per-agent policy is a monotone reservation-price rule that can be inspected
directly, and the broadcast price is an interpretable signal of modeled charg-
ing scarcity. Across 40 held-out simulated days, PACT meets 98.2% of charging
deadlines while reducing time-of-use charging cost by about two-thirds relative
to a centralized least-laxity reference controller, using only a one-dimensional
broadcast signal and never exceeding the capacity limit in any slot, whereas
independent threshold agents exceed it severalfold. We prove that the clear-
ing rule enforces the per-slot capacity constraint for any arrival realization and
any threshold vector. In demand-surge and capacity-derating stress tests, the
capacity constraint remains satisfied by construction while the price rises as a
diagnostic scarcity signal, and an explicit, operator-tunable penalty governs the
cost–deadline tradeoff. These results should be interpreted as evidence from a
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controlled single-feeder simulation; broader deployment claims require valida-
tion on real charging traces, power-flow-constrained feeders, and fully verified
optimization and learning baselines.

Keywords: electric-vehicle charging, decentralized coordination, demand response,
capacity constraint, interpretable policy, market clearing, smart grid

1 Introduction

The electrification of transport is placing a new and highly concentrated load on distri-
bution grids. When many electric vehicles plug in to a shared circuit, their combined
demand can exceed the rating of the local transformer or feeder, and uncoordinated
charging produces sharp evening peaks that strain equipment and raise costs [1, 2].
The same physical limit that makes the problem hard also makes it a clean instance of
a general question: how can many self-interested agents that share one hard resource
constraint coordinate their use of it without a central controller dictating every deci-
sion? Electric-vehicle charging is an apt testbed because the constraint is real, the
agents are numerous and heterogeneous, and the economic incentive to shift flexible
load to cheaper, less congested periods is concrete [3, 4].

Learning-based control is attractive here because the right charging decision
depends on each vehicle’s remaining energy, its time until departure, and the state
of the grid, a mapping that is tedious to hand-tune and that learned policies capture
well [5–7]. A large literature applies reinforcement learning [8–10] to charging and to
demand response more broadly [3, 11, 12]. Yet most of this work either assumes a
central agent with full system state, which does not scale and is brittle to communi-
cation loss, or trains agents independently, which is simple and decentralized but has
a critical flaw for a safety-constrained resource: independent learners optimize their
own objectives and have no mechanism to respect a shared hard limit, so their com-
bined demand routinely exceeds it. For a transformer, exceeding the limit is not a soft
penalty to be traded off; it is a physical event the system must avoid.

Three properties are therefore essential for a charging coordinator intended for
constrained feeders. It must be capacity-feasible by construction within the modeled

feeder : the hard capacity limit must hold at every instant by the design of the mecha-
nism, not merely in expectation. It must be interpretable: an operator must be able to
see why the system is doing what it does and to anticipate its behaviour. And it must
be feasible under stress : it must maintain the capacity guarantee when demand surges
or when capacity is unexpectedly reduced. Existing multi-agent reinforcement learning
methods, from centralized-training value factorization to independent learning, deliver
at most one of these and typically none in combination [13–17]. Price-based coordina-
tion has a long history in power systems [18, 19], but prior price-clearing schemes for
EV charging either lack a hard per-slot capacity guarantee, require continuous message
passing, or produce opaque policies that are difficult to inspect or audit [18, 20].

We address all three with a single mechanism called PACT, for Priced Agent
Coordination with Transparency (Fig. 1). The idea is to summarize the coupled state of
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the grid in one scalar that every agent can see: a broadcast price that rises with scarcity.
Each charging agent charges only when the price is at or below a reservation threshold
that depends on its own urgency, and an aggregator raises the price until the number
of agents that want to charge fits within the cap, with a tie-break that guarantees
the limit is never exceeded. This design is decentralized in execution; it is structurally
interpretable because the price is a readable measure of grid stress and the per-agent
policy is a monotone, inspectable threshold; and it is capacity-feasible by construction
within the modeled feeder because the clearing step enforces the modeled per-slot
capacity limit exactly. We describe PACT as an interpretable decentralized policy-
search coordinator rather than a deep multi-agent reinforcement-learning algorithm:
the per-agent policy is a small monotone parameterization, and learning is direct
coordinate-ascent search over the shared thresholds against the realized objective.

Contributions

This paper makes the following contributions:

• We formulate decentralized electric-vehicle charging as a capacity-constrained multi-
agent coordination problem in which the feeder limit is enforced as a hard per-slot
constraint rather than as a penalty term, and show that independent threshold
agents, although cheap and decentralized, exceed the capacity limit severalfold.

• We propose PACT, an interpretable price-clearing mechanism in which agents follow
monotone reservation-price rules and an aggregator clears demand against the feeder
capacity using only a one-dimensional broadcast signal.

• We prove that the clearing step enforces the feeder-capacity constraint at every time
slot, independent of arrival realizations and learned threshold values (Proposition 1).

• We evaluate PACT against four reference controllers: uncoordinated charging, cen-
tralized least-laxity scheduling, price-aware valley-filling, and independent threshold
agents, over held-out simulated days and two stress scenarios, and expose an explicit,
operator-tunable tradeoff between cost savings and deadline performance.

Because the mechanism depends only on a shared scalar and a per-agent threshold,
we expect it to apply to other settings where many agents must share one hard-
constrained resource, though we evaluate it here only for electric-vehicle charging.

2 Related Work

2.1 EV Charging and Demand Response

Coordinated EV charging has been studied extensively as a demand-response problem.
Valley-filling via convex optimization minimizes aggregate load variance subject to
individual energy constraints [18, 19]; these methods are optimal under the given
model but require a central aggregator with full state. Decentralized protocols based
on ADMM distribute the computation [21] but still require iterative message passing.
Our setting removes the communication assumption: agents see only a one-dimensional
broadcast price.
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Fig. 1 The problem and the mechanism. (a) Many electric vehicles plug in to one capacity-
limited feeder over the course of a day under a time-of-use price that is high in the evening and low
overnight. Each vehicle needs a fixed amount of energy before it departs, but at most C may charge
simultaneously. (b) PACT resolves the coordination problem with one broadcast price. An aggregator
raises the price until the number of vehicles that choose to charge fits the cap; each vehicle charges
only when the price is at or below a reservation threshold set by its urgency; and a least-laxity tie-
break guarantees the modeled capacity limit is never exceeded.

2.2 Reinforcement Learning for EV Charging

RL approaches to EV charging range from single-agent controllers [5, 6] to multi-
agent formulations [3, 11, 20]. Multi-agent approaches address scalability but typically
train agents independently [13], which leads to constraint violations when agents share
a hard resource limit. Recent work on safe RL [22] for power systems [12, 16, 23]
addresses constraint satisfaction through Lagrangian relaxation of the constrained
Markov decision process [24], constrained policy optimization, or projection-based
safety layers [25]; however, Lagrangian methods do not by themselves provide hard
per-slot guarantees, and the resulting policies remain opaque to operators.

2.3 Price-Based and Market Mechanisms

Price signals have long been used to coordinate distributed agents in power sys-
tems [18]. Tariff-aware RL agents learn to respond to time-of-use prices without explicit
coordination [12, 26]. However, without a clearing step, each agent optimizes against
the price independently, and their combined demand may violate the feeder limit.
PACT combines a broadcast price with a clearing step that enforces the hard constraint
by construction.

2.4 Interpretability in RL

Interpretability in RL has been studied through policy distillation [27], monotone pol-
icy structures, and explicit rule extraction. PACT constrains the policy to a monotone
threshold rule from the outset, so interpretability is structural rather than post-hoc.
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The broadcast price provides a human-readable summary of system state without
requiring an operator to inspect a neural network.

3 System Model

We model a charging station served by a single feeder over a day discretized into
T = 96 time slots. Electric vehicles arrive according to a time-varying Poisson rate
concentrated in the evening. Each vehicle requests a fixed number of charge-slots of
energy and departs after a dwell window; most vehicles have substantial scheduling
flexibility. In each slot every present vehicle either draws one unit of power or waits,
and at most C = 13 unit-rate charging sessions may be active simultaneously: the hard
capacity constraint, the modeled transformer limit. A vehicle that has not received
its requested energy by departure is a deadline miss. A time-of-use price is high in
the evening and drops overnight (Fig. 4a), providing a concrete incentive for load
shifting [1, 19].

Formally, arrivals in slot t are drawn from

λ(t) = 0.2 + 3.0 exp
(

− 1
2

(

(t/T − 0.13)/0.09
)2
)

, (1)

concentrating arrivals in the early evening. Each vehicle requests integer energy n ∼
Unif{3, . . . , 8} slots and is assigned dwell n + s, where s ∼ Unif{8, . . . , 28}. The
time-of-use price is

c(t) = 0.20 +
0.80

1 + exp
(

(t/T − 0.30)/0.05
) , (2)

high in the evening and dropping sharply overnight. A vehicle’s cost contribution is
∑

t charged c(t).
The core tension is that every vehicle prefers the cheapest overnight slots, but the

capacity limit prevents them all from doing so simultaneously. Good coordination must
spread deferred load across the cheap period while respecting the cap at every instant.

4 Proposed Method: PACT

4.1 Broadcast Price and Clearing

Each agent is described by its urgency, binned by laxity (remaining time minus remain-
ing energy) into five bins with edges {0.5, 1.5, 3, 6} slots, where bin 0 is most urgent;
and the broadcast price, an integer level in {0, . . . , 5}. Starting from a floor equal to
the binned time-of-use cost, the aggregator raises the price to the smallest level at
which the count of agents wishing to charge does not exceed the cap. If no price level
satisfies this at the maximum level, the least-laxity agents are served up to the cap
and the rest wait. This clearing step bounds the charging count at C in any slot.

5



4.2 Reservation-Price Policy and Optimization

Each agent charges if and only if the broadcast price is at or below a reservation thresh-
old θ(ℓ) depending only on its urgency bin ℓ. The threshold vector θ is constrained
to be non-increasing in flexibility, yielding a monotone interpretable staircase policy.
The shared threshold vector is optimized by coordinate-ascent policy search against
the deployment objective—the mean over training days of total charging cost plus β
times the number of deadline misses—sweeping each threshold over its feasible range
while respecting monotonicity; three sweeps suffice for convergence. The penalty β is
the single operator-tunable knob selecting the operating point on the cost–deadline
frontier; the reported PACT agent uses β = 20.

4.3 Safety Guarantee

Proposition 1 (Per-slot capacity feasibility) For any time slot t, any set of active candidate

vehicles, and any reservation-threshold vector θ, the PACT clearing rule schedules at most C

vehicles to charge.

Proof Let D(p) denote the number of candidate vehicles whose reservation threshold is at
least price level p; D(p) is non-increasing in p. The clearing rule selects the smallest p⋆ for
which D(p⋆) ≤ C; the scheduled count is then D(p⋆) ≤ C. If no such level exists, the tie-
break step selects exactly the C lowest-laxity vehicles and assigns all others to wait. In all
cases, Lt ≤ C. □

Per-slot feasibility holds independently of the arrival realization and the learned
threshold values, making the capacity guarantee a structural property of the mecha-
nism rather than an expected-value outcome of training.

5 Experimental Setup

5.1 Controllers

Table 1 summarizes the information assumptions and capacity guarantees of all
compared controllers. We compare five methods:

• Uncoordinated : serves a random feasible subset up to the cap; safe but ignores
urgency and price.

• Least-laxity : a centralized deadline-oriented reference, following least-laxity-first
scheduling [28], that always serves the C most urgent candidates each slot, using
full system state; blind to price.

• Valley-filling : a price-aware optimization baseline. At each slot it greedily assigns
the C available slots to the vehicles with highest marginal cost savings subject to
deadline feasibility, breaking ties by least-laxity. This is a greedy approximation
to valley-filling that requires full system-state knowledge and directly optimizes
the time-of-use cost objective; it represents the class of price-conscious centralized
schedulers.
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Table 1 Information and guarantee assumptions of compared
controllers.

Controller Global state Price-aware Hard cap

Uncoordinated No No Yes
Least-laxity Yes No Yes
Valley-filling Yes Yes Yes
Independent thresh. No Yes No
PACT Broadcast Yes Yes

• Independent threshold agents : apply the same reservation-price thresholds as PACT
but act on the time-of-use price floor with no clearing and no cap enforcement;
isolates the contribution of the clearing mechanism.

• PACT : our broadcast-price coordinator.

This set supports three clean separations of value: (i) PACT vs. uncoordinated
isolates any coordination benefit; (ii) PACT vs. valley-filling tests whether price-
clearing adds value over centralized price-aware scheduling; (iii) PACT vs. independent
threshold agents isolates the clearing step alone. A constrained-RL baseline such as
PPO-Lagrangian is an important additional reference but requires careful implemen-
tation to distinguish the dual-variable convergence effect from structural capacity
guarantees; we discuss it in Section 6.6 as future work rather than claim results we
have not verified.

5.2 Evaluation Protocol

All controllers are evaluated on 40 held-out days with random seeds disjoint from
the 60 training days, using identical held-out arrival traces to ensure that differences
reflect controller behaviour rather than demand realizations. For PACT, results are
averaged over five independent training seeds. Primary metrics—deadline-miss rate,
total time-of-use cost, peak simultaneous load, and total capacity violations (vehicle-
slots over the cap)—are reported as mean ± standard deviation over evaluation days
and seeds; we also report 95% bootstrap confidence intervals for cost and deadline-
miss rate. Bootstrap confidence intervals were computed using 10,000 resamples over
held-out evaluation days; for PACT, resampling was performed across evaluation days
within each training seed and then aggregated across the five independent training
seeds. The capacity-reduction stress test lowers the cap to 55% of C over the central
cheap window; the surge test injects 18 additional arrivals in a single early-evening
slot. We use the term stress-tested rather than robust because only two disturbance
scenarios are evaluated. Hyperparameters are listed in Table 2.
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Table 2 Environment and method settings.

Symbol Meaning Value

T slots per day 96
C feeder capacity (unit-rate sessions) 13
pEV charging power per session 1 unit (normalized)
n requested energy per vehicle Unif{3, . . . , 8}
s dwell slack beyond minimum Unif{8, . . . , 28}
λ(t) arrival rate (evening peak) 0.2 + 3.0N -bump
c(t) time-of-use price logistic, high→low
— urgency (laxity) bins 5, edges {0.5, 1.5, 3, 6}
— broadcast price levels 6
β deadline penalty 20
θ learned thresholds [5, 5, 5, 1, 1]
— training / evaluation days 60 / 40
— training seeds (PACT) 5

6 Results and Discussion

6.1 PACT Reduces Cost While Satisfying the Cap

The central result is shown in Fig. 2. PACT delivers charging at a total time-of-use
cost about two-thirds below that of the least-laxity reference (reduction of 67%; 95%
CI: [63%, 71%]), because it defers flexible vehicles from the expensive evening into the
cheap overnight window, whereas least-laxity charges greedily and pays peak prices
(Fig. 2a). It does this while meeting 98.2% (±0.6%) of charging deadlines, close to
the 99.2% met by the cost-blind baselines; the gap reflects a deliberate, tunable choice
discussed below.

PACT satisfies the capacity limit in every slot: peak simultaneous load is 12.9, at
or below the cap of C = 13 on every slot of every evaluation day (Fig. 2b). The inde-
pendent threshold agents expose why this matters: following the same per-agent rule
but without the clearing step, their combined demand peaks at 63 vehicles, nearly five
times the modeled transformer limit, because each agent rushes the cheap overnight
slots with no mechanism to respect the shared constraint.

Comparison with valley-filling. The valley-filling baseline, which is also price-aware
and uses full system state, achieves a cost reduction of 51% (95% CI: [47%, 55%])
relative to least-laxity while meeting 99.1% of deadlines and never violating the cap.
Because this baseline is a greedy approximation rather than a full-horizon optimal
scheduler, the comparison should be interpreted as a test against a price-aware cen-
tralized heuristic, not against a global optimum. PACT’s additional 16 percentage
points of cost reduction arise from the ability to defer flexible vehicles more aggres-
sively, enabled by the global clearing step that prevents over-subscription. The tradeoff
is a slightly higher deadline-miss rate (98.2% vs. 99.1%). This comparison confirms
that the benefit of PACT is not merely a consequence of price awareness, but of the
price-clearing mechanism specifically.
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Fig. 2 Cost and capacity outcomes on held-out simulated days. Bars show mean values over
40 held-out days and 5 training seeds; error bars are 95% bootstrap confidence intervals. (a) Total
time-of-use charging cost with deadline-miss rate annotated. PACT reduces cost by 67% relative to
least-laxity while meeting almost all deadlines; valley-filling achieves 51% reduction. (b) Peak simul-
taneous load against the cap C = 13 (dashed). PACT, valley-filling, least-laxity, and uncoordinated
charging stay at or below the cap; independent threshold agents peak at 63, nearly five times the limit.

6.2 The Learned Policy Is a Readable Reservation-Price Rule

Because the per-agent policy is constrained to a monotone reservation-price form, it
can be read directly off a single diagram (Fig. 3). The learned curve is intuitive and
monotone: the two most urgent groups charge at any price, while the three more
flexible groups charge only when the price is low. The boundary between charging and
waiting is a clean staircase that a grid operator can inspect and that shows directly
how urgency affects charging priority under the learned threshold rule, in contrast to
opaque value functions of centralized critics [14, 15].

The broadcast price is equally readable. Over a representative day it is high in
the evening and falls overnight as congestion eases (Fig. 4b). Fig. 4a shows the conse-
quence: PACT moves charging out of the expensive early window, where least-laxity
concentrates it, and into the cheaper overnight hours.

6.3 Capacity Feasibility Under Stress

We stress-test PACT under two disturbances absent from training (Fig. 5). Under
a demand surge, PACT absorbs it without exceeding the cap, and the broadcast
price rises. We interpret this price rise as a diagnostic scarcity signal arising from the
clearing process, not a validated operational alarm. The surge raises the deadline-miss
rate modestly, from 1.9% to 3.5%, while cost stays far below the baselines. Under
the same surge the independent agents’ violations grow from 238 to 331 vehicle-slots,
underscoring that their unsafety worsens precisely when the system is most stressed.

Under a transformer derating during the cheap overnight window, deadline misses
rise because PACT concentrates flexible load there. The per-slot capacity guarantee
still holds exactly, but service degrades. This degradation is governed by how aggres-
sively the thresholds defer charging, which is the single operator-controlled knob.
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Fig. 3 The learned policy is structurally interpretable. Each agent charges if and only if the
broadcast price is at or below a reservation threshold set by its urgency. The charging region (blue)
and waiting region (grey) are separated by a monotone staircase: urgent vehicles charge even when
the price is high, while flexible vehicles charge only when it is low.

Fig. 5b makes the tradeoff explicit: more aggressive deferral is cheaper but more sen-
sitive to capacity cuts. The price mechanism keeps the per-slot capacity guarantee
intact at every threshold setting.

6.4 An Operator-Tunable Cost–Deadline Frontier

The single penalty knob traces out a clean cost–deadline frontier (Fig. 6). The frontier
is sharply convex: accepting roughly one additional percentage point of misses already
buys a cost reduction of nearly two-thirds. The operator can choose any point on it
with a single parameter, with the per-slot capacity guarantee fixed throughout.

6.5 Discussion

A single broadcast price and a monotone per-agent reservation threshold let a popula-
tion of electric vehicles coordinate their charging on a shared, capacity-limited feeder
in a way that is capacity-feasible by construction within the modeled single-feeder envi-
ronment, structurally interpretable, and feasible under the tested disturbances. The
mechanism reduces charging cost by about two-thirds relative to a centralized least-
laxity reference while meeting almost all deadlines, achieving lower simulated charging
cost than the price-aware valley-filling baseline, at a modest deadline-compliance
tradeoff, while using only a one-dimensional signal and no global state.
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Fig. 4 Load shifting and the price signal over a representative day. (a) Charging load through
the day; the time-of-use price is shaded. Least-laxity (vermillion) charges greedily in the expensive
evening; PACT (blue) defers flexible vehicles into the cheap overnight window; valley-filling (green)
also shifts load but less aggressively. The cap (dashed) is respected throughout. (b) The broadcast
price is a readable signal of modeled charging scarcity.

Compared with valley-filling, PACT achieves a larger cost reduction while main-
taining the hard capacity guarantee through the clearing step rather than through
explicit state-aware scheduling. The results delineate what the method does and does
not provide. PACT’s load-shifting concentrates demand in low-price periods and there-
fore makes it more sensitive to capacity reductions there; this is an explicit, operator-
controlled tradeoff rather than a hidden weakness.

6.6 Limitations and Future Work

These results should be interpreted as evidence from a controlled single-feeder simu-
lation, not as validation on a physical distribution network. Several limitations point
to future work.

First, the baseline set should be further strengthened. A constrained-RL refer-
ence such as PPO-Lagrangian represents an important comparison point: Lagrangian
methods penalize constraint violations through a learned dual variable but do not by
themselves guarantee hard per-slot feasibility, which distinguishes them structurally
from PACT. Implementing PPO-Lagrangian, ADMM, MAPPO, and QMIX with fully
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Fig. 5 Capacity feasibility under stress, and the cost–robustness tradeoff. (a) Under a
surge of arrivals, PACT keeps load at or below the cap (dashed) and the broadcast price rises as a
diagnostic scarcity signal. (b) Deadline-miss rate versus cost saving as reservation thresholds vary,
under normal conditions (blue) and under a cheap-window capacity reduction (pink). Aggressive
deferral is cheaper but more sensitive to capacity cuts; the per-slot capacity guarantee holds at every
point.

matched information assumptions and computational budgets is left for future work
rather than claimed here without verified results.

Second, the environment is a discretized abstraction with unit charging rates and
homogeneous agents; future work should test continuous power, voltage and power-flow
constraints, network topology, battery degradation, heterogeneous charger powers,
communication delays, and real charging-session traces.

Third, we use the term stress-tested rather than robust because we evaluate only
the demand-surge and capacity-derating scenarios; broader robustness claims require
evaluation over a wider range of disturbance magnitudes and types.

Finally, the broadcast price is cleared by a simple iterative rule; learning the pricing
policy jointly with the agents, while preserving the clearing guarantee, is a natural
extension.

7 Conclusion

We introduced PACT, an interpretable price-clearing coordinator for capacity-
constrained electric-vehicle charging in which a single broadcast price and a monotone
per-agent reservation-price rule together enforce a hard per-slot feeder limit by con-
struction. In a single-feeder simulation, PACT reduced time-of-use charging cost by
about two-thirds relative to a centralized least-laxity reference while meeting 98.2%
of deadlines and never exceeding the modeled capacity, and achieved lower simulated
charging cost than the price-aware valley-filling baseline, at a modest deadline-
compliance tradeoff, without requiring global system state. We proved per-slot
capacity feasibility for any arrivals and thresholds and exposed an operator-tunable
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cost–deadline tradeoff. Strengthening the baseline set, validating on power-flow-
constrained feeders with real charging traces, and testing over wider disturbance ranges
are the main steps toward assessing practical applicability.
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