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ABSTRACT: Electric-vehicle (EV) charging and flexible building loads can increase or relieve
distribution-level loading and voltage stress, depending on timing, placement, and flexibility. This paper
empirically evaluates a shared service-enriched flexibility-contract representation for coordinating EV
departure-energy service and building comfort service. Individual EV and building records encode service
limits, deadlines or comfort bounds, and feeder locations. The evaluation compares uncontrolled, service-
constrained, feeder-aware, and heuristic uncertainty-aware control, with inputs from empirical residuals or
split-conformal scalar service-score quantiles. In the simplified study, 256 scenarios under four modes
produce 1024 evaluations. Realized nominal EV energy shortfall and building comfort violations are zero
in the tested scenarios, while a separate earlier-departure stress audit shows heuristic uncertainty-aware
tightening reducing EV stress-risk cases from 106 to 64. Open Distribution System Simulator (OpenDSS)
audits on IEEE 123 and IEEE 34 each include 2048 scenarios and 8192 evaluations; stress-risk cases fall
from 1005 to 536, with mean peak tradeoffs of 17.66 kW and 18.26 kW. A reduced-information experiment
compares raw-state, individual-contract, and noisy/coarsened information-view proxies for exposure and
payload rather than formal privacy. The results provide bounded empirical evidence that service-enriched
EV/building contracts can expose service-grid and information-view tradeoffs in the tested simplified and
OpenDSS feeder studies and audits.

Keywords: Active distribution networks; Electric-vehicle charging; Building flexibility; Service contracts;
Distribution feeders; Heuristic uncertainty-aware control; Open Distribution System Simulator;
Information-view proxies

1. Introduction

Electric-vehicle (EV) adoption changes distribution-feeder operating conditions in ways that depend
on both time and place. Temporally concentrated charging can increase residential or workplace peaks,
while feeder location, phase connection, and charging strategy affect line and transformer loading, voltage
profiles, losses, and imbalance in the studied networks [1-6]. Flexible building loads can help reshape
demand, but their grid value also depends on weather, occupancy, feeder placement, and the timing of
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flexibility. Distribution-level coordination, therefore, needs service and feeder audit metrics rather than

only aggregate energy-balance metrics.

EV flexibility is service-bounded because a vehicle is useful to the grid only while it is connected and
only to the extent that charging still satisfies the user’s requested energy by departure. Arrival time,
departure or dwell time, requested energy, charger rating, and site behavior vary across sessions, and prior
EV charging work already models such service and availability constraints in centralized, decentralized,
data-driven, and feeder-aware settings [7—14]. As a result, EV demand cannot be treated as unrestricted
load shifting; the service semantics include availability, power, energy, deadline, and location.

Building and thermostatically controlled load (TCL) flexibility introduces different service semantics.
Thermal inertia can make heating, ventilation, and air conditioning (HVAC) and other TCL demand useful
for load following, energy arbitrage, and aggregate flexibility, but the usable flexibility is constrained by
comfort bands, thermal dynamics, weather forecasts, and model sensitivity [15—19]. Building comfort is
therefore not the same service as EV departure energy, even though both can be represented as flexibility
with service-relevant bounds. Building comfort is treated as a second service obligation in the evaluation.

The information needed to coordinate these resources can be operationally sensitive or burdensome to
exchange. EV session histories, requested energy, customer timing patterns, building thermal states, and
comfort information may all be useful for control, yet reduced-information coordination, formal privacy
mechanisms, flexibility envelopes, dynamic operating envelopes, and information-value studies are already
established in related literature [14,20-25]. This paper therefore studies a shared service-enriched contract
representation and raw-state, individual-contract, and noisy/coarsened information-view proxies. These
proxies measure declared information exposure and payload.

Prior work covers EV service-aware charging, building/TCL comfort flexibility, joint EV/TCL
coordination, flexibility envelopes, uncertainty-aware control, reduced-information or privacy-aware
coordination, and conformal calibration [13,17,24-27]. The existing literature establishes the individual
ingredients, while this study evaluates EV/building service semantics, uncertainty inputs, information-view
proxies, and feeder-audit outcomes together in one empirical workflow. The gap addressed here is the
combined empirical evaluation of EV departure-energy and building comfort service semantics within one
shared representation, with uncertainty inputs, information-view proxies, and feeder-level audits evaluated
together. The primary research question is: what service-grid and information-view tradeoffs are observed
for a shared EV/building service-enriched contract representation under heuristic uncertainty inputs
populated from empirical residuals or split-conformal scalar service-score quantiles in simplified and
OpenDSS feeder audits?

This paper makes two contributions:

1. We implement a shared service-enriched EV/building representation that encodes EV departure-
energy/deadline service and building comfort/thermal service, with feeder bus/phase labels and
summaries, within an individual-agent feeder simulation and audit workflow.

2. We empirically evaluate how the shared representation exposes service-grid, uncertainty-input, feeder-
audit, and information-view tradeoffs across a 256-scenario simplified matrix and two 2048-scenario
OpenDSS feeder matrices, supplemented by focused information-view, conformal-input, and
linearized optimization-aware analyses.

Section 6 states the implementation and inference boundaries.
2. Related Work and Positioning

2.1. EV and Building Service-Aware Flexibility Coordination

Coordinated EV charging already models many of the service quantities used in this study: arrival and
departure times, requested energy, charging-rate limits, owner or charging-session constraints, feeder
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congestion or voltage impacts, and session uncertainty [6—8,11,12]. Yan, Ma, and Chen derive a stronger
formal aggregate EV power flexibility region for charging stations, including alternating-current (AC)-
network coordination, and show a feasible disaggregation from aggregate-region schedules to EV charging
strategies [13]. Winschermann et al. separately show that the value of detailed EV information can be
measured for office-building charging strategies [14]. This paper, therefore, does not claim EV service-
aware charging or reduced-information EV coordination as standalone contributions; EV departure-energy
and deadline fields are one service semantic in the shared EV/building representation evaluated here.

Building and thermostatically controlled load (TCL) flexibility is also mature. Thermal inertia, comfort
bands, weather forecasts, aggregate flexibility, virtual-battery representations, and quality-of-service
constraints have been studied for load following, arbitrage, regulation, and building climate control [15—
19]. Hao et al. provide a rigorous aggregate TCL flexibility model through generalized and stochastic
battery representations [17]. Joint EV and TCL/HVAC coordination is likewise established: Liu et al.
coordinate aggregated EVs and TCLs within hierarchical energy systems subject to EV and comfort
constraints [26]. The present study consequently does not claim building comfort, flexibility, or joint
EV/TCL coordination as standalone contributions; it uses building comfort and thermal-service fields as
the building-side counterpart to EV departure-energy service in one empirical feeder workflow.

2.2. Flexibility Envelopes and Distribution-System Interfaces

The contract records in this paper sit within a long line of flexibility-envelope and operating-envelope
interfaces rather than outside it. Nosair and Bouffard establish flexibility envelopes for power-system
operational planning [24]. Fan and Kockar formulate local flexibility offers for unbalanced distribution-
network operation [28]. Yan, Ma, and Chen provide aggregate EV flexibility regions with stronger formal
feasibility and disaggregation properties than the EV representation used here [13]. Liu and Braslavsky
compute robust dynamic operating envelopes for distributed energy resource (DER) integration in
unbalanced distribution networks, giving a stronger network-feasibility and uncertainty formulation than
this manuscript’s feeder-aware heuristic and ex-post audit [25]. Tostado-Veliz et al. recently constructed
preference-aware flexibility envelopes for coordinated energy-community operation, further establishing
service- or preference-aware envelopes and limited-information distribution system operator (DSO)
interfaces [29].

These studies already cover flexibility envelopes, aggregate flexibility regions, operating envelopes,
nodal or phase-aware flexibility, preference-aware envelopes, reduced-information coordination, and
stronger network-feasibility formulations. The distinction is the service-specific EV/building
implementation and empirical feeder workflow: EV departure-energy/deadline and building
comfort/thermal service are evaluated together with feeder-audit and information-view outcomes. This
positioning retains the envelope literature as context rather than claiming a new envelope theory or DSO-
interface method.

2.3. Uncertainty, Conformal Calibration, and Feeder Evaluation

Uncertainty-aware coordination has a deeper formal literature than the heuristic tightening used in this
manuscript. Building model predictive control (MPC) and weather-aware control, robust and stochastic
power-system optimization, chance-constrained formulations, distributionally robust methods,
robust/explicit model predictive control (eMPC) EV charging, and operating-envelope uncertainty methods
provide mathematically stronger treatments of forecast, availability, load, generation, and network
uncertainty [12,16,25,30,31]. In contrast, the uncertainty-aware controller studied here applies heuristic
service-margin and reserve rules whose inputs are configured from empirical residuals or scalar score
quantiles; it does not provide a robust, stochastic, chance-constrained, or network-security guarantee.
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Conformal prediction is likewise established before this study. Vovk et al. provide the foundational
framework, Angelopoulos and Bates give a modern tutorial treatment, and Renkema, Brinkel, and AlSkaif
apply conformal prediction to stochastic decision-making for photovoltaic (PV) power in electricity markets
[27,32,33]. This manuscript does not propose a conformal method. It maps split-conformal scalar service-
score quantiles into existing heuristic uncertainty/configuration inputs. The resulting evidence should not be
read as a joint EV/building conformal guarantee, a conditional coverage result, or a feeder-security guarantee.
Similarly, OpenDSS and IEEE test feeders are used here as ex-post feeder audit and evaluation tools [34-36];
the unbalanced feeder evaluation serves as supporting evidence, not a separate contribution.

2.4. Data Minimization, Privacy-Aware Coordination, and This Study’s Empirical Scope

Reduced-information coordination and formal privacy-aware energy methods are also established. Yan,
Ma, and Chen reduce detailed EV data exchange through aggregate flexibility regions [13]. Smart-meter
privacy work identifies the sensitivity of load data [20]; secure and privacy-preserving aggregation and
differential-privacy mechanisms have been developed for metering and demand-side management [21-23].
Winschermann et al. quantify the value of EV charging information [14], while Tostado-Veliz et al. present
arecent preference-aware envelope approach that limits detailed DSO access [29]. These works are stronger
than this manuscript on formal privacy or reduced-information theory, where they provide explicit
mechanisms, guarantees, or feasibility results.

This study evaluates information-view and exposure/payload proxies; the grouped/noisy payload
accounts for output rather than a dispatch input. Its scope is the empirical EV/building feeder workflow,
not a formal privacy or reduced-information control mechanism. Prior work, therefore, establishes each of
the main ingredients individually, while this study evaluates EV/building service semantics, uncertainty
inputs, information-view proxies, and feeder-audit outcomes together in one empirical workflow.

3. Material and Methods
3.1. Service-Contract Simulation Architecture

Figure 1 summarizes the conceptual architecture, but the executable boundary is more specific. The
current implementation is a monolithic individual-agent simulation in which service-contract records and
bus/phase summaries are generated as coordination, diagnostic, and evaluation representations, while
controller functions retain access to the full seeded SmokeScenario, individual EV agents, individual
building/TCL agents, base-load profiles, uncertainty settings, and feeder-sensitivity interface. Thus, the
executable scheduler is not a serialized-contract-only or aggregate-only controller. Individual EV and
building contracts are generated with bus and phase labels; bus/phase summaries are formed for reporting
and selected optimization-aware cost terms; dispatch profiles and OpenDSS feeder evaluation remain based
on individual agent-load records.

The implementation-information flow is:

raw scenario/agent state
— individual service-contract records
— {bus/phase summaries; information-view and payload accounting}.

The same simulation then schedules individual agents and passes individual load profiles to the feeder
evaluator. This distinction is important for interpreting the reduced-information studies: they compare
declared information views and serialized payload/exposure proxies, not an operational privacy-preserving
or aggregate-contract dispatch architecture.
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Figure 1. Service-contract simulation and feeder-evaluation architecture for electric-vehicle (EV) and thermostatically
controlled-load (TCL) studies. The implementation generates service-contract records and bus/phase summaries, schedules
individual agents, audits individual load records ex post, and separately records raw-state, individual-contract, and
noisy/coarsened information views; SOC: state of charge; OpenDSS: Open Distribution System Simulator.

3.2. Local Service Models

The coordination horizon is indexed by t € T = {1, ..., T} with timestep length At in hours and At,,
in minutes. EV agents are indexed by i € £ and building/TCL agents by j € B. Each flexible agent is
assigned to a feeder service point (b, ¢), where b € V' is a bus and ¢p € ® = {a, b, c} is a phase. The
base feeder load is denoted Py.

For EV i, let p;{ be charging power, a; and d; the arrival and departure timesteps, p; the charger
rating, Elr ®d the required delivered energy derived from the target state of charge, initial state of charge,
and battery capacity, and m’ an optional controller-side planning reserve. The availability indicator is
a;; =1 for a; <t < d; and zero otherwise. The generated EV service-contract record contains the agent
identifier, bus, phase, start and end timestep, lower and upper feasible-power profiles, a priority label,
required departure energy, departure timestep, and charger rating. In the current contract generator, the
stored per-timestep uncertainty-margin field is a zero placeholder; implemented reserve tightening is
instead read from the scenario/controller uncertainty configuration. A service-feasible EV schedule satisfies.

0<pil <aypi Vit 1)
prfv At = B[ +mf, ®)
teT

when a tightened target is used and feasible. The nominal audit shortfall is computed over the actual arrival-
to-departure interval as s = max{0, E lr e — Zf;:: pﬂ/ At}. The simulator retains the individual EV object,
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including SOC-derived requested energy and timing fields; the manuscript therefore treats contract records
as an implemented representation, not as proof that raw EV state is unavailable to the executable controller.

For building/TCL agent j, let p?, be the total building power, ;5]’?‘153 the non-HVAC base power,
u; € {0,1} the local HVAC action, ﬁjf-‘”ac the HVAC rating, Tj, the indoor temperature, T the
outdoor temperature, and [T;™", T{"**] the comfort band. The implemented local reduced-order model is

B _ >base ~hvac
Pje =Dp;  tDj Uiw

3
Ties1 = Tjr + At[gjmax(0, TP — T; ) — cju;c], )

with envelope gain g; and cooling coefficient ¢; retained locally. Feasible building service requires
Tt =5 ST ST 450, 5557 20, (4)

and the reported comfort violation is the sum of degree-minutes outside the comfort band. The generated
building contract contains the agent identifier, bus, phase, start and end timestep, base-to-base-plus-HVAC
power envelope, comfort minimum and maximum, thermal slack, restore-by timestep, priority label, and a
zero uncertainty-margin placeholder. The executable building controller still calls individual building
methods that use local thermal coefficients and the indoor temperature state. The agent model does not
include occupancy state.

3.3. Service-Contract Coordination Formulation

Each EV or building contract k exposes lower and upper feasible power limits, a priority class, and a
service point (by, ¢;). The contract data structure also includes an uncertainty-margin field pu; ., but

generated contract margins are zero in this implementation. Bus/phase summaries are computed as

Py = Z Pt Poge = Z 5,”, )
k:bk=b,¢k=¢ k:bk:b_q}k:q)

and the realized flexible-load summaries are reported as

l
Plat= > o+ Y ok ©
i:bi=b,¢i=¢p Jibj=b,¢j=¢

The total load and phase load proxies are
l l
Po= P4 D BIST, Pyy = PY/IO]+ ) B o
b,¢ b

Equations (5)—~(7) define summary and accounting quantities. They are not hard aggregate dispatch
bounds for the feeder-aware or uncertainty-aware scheduler. In the optimization-aware EV allocation, the
bus/phase contract count enters a location-density term in the EV cost, but individual EV/time variables
and individual building profiles are still retained.

Uncertainty-aware tightening uses arrival, departure, energy, temperature, and dropout inputs from
uncertainty or controller uncertainty configuration keys. In the implemented EV controller, the effective
deadline uses rounded timesteps,

~ max(0, §%)
d; =max| a; +1,d; —round | ——— |, ®)
At,,

The controller converts the nonnegative departure-timing margin to a whole number of timesteps using
the round operation in Equation (8).
The corresponding planning energy is



Smart Energy Syst. Res. 2026, 2(3), 10013. doi:10.70322/sesr.2026.10013 7 of 21

(€))

=re re 5 +6id
E*"=E*'(1+p;), p;=min(0.25, o) +€f +0.25¢q ),

where 8% and 8f are nonnegative arrival and departure timing margins in minutes, € is the requested-
energy error fraction, g is the communication-dropout sensitivity input, and &@;, =1 for a; <t < d;.
The constants 240, 0.25, and the dropout coefficient 0.25 are fixed controller-design heuristics. In the
feeder-aware uncertainty path, the controller tries to deliver E lr ®1(1 + p;) over the tightened window and
then fills the original window if the tightened schedule leaves remaining energy. In the optimization-aware
EV path, the target is capped by the charging capacity available in the tightened feasible window; if that
capped target is below the original request, the path falls back to the original service window and caps at
the original feasible energy.

For building/TCL service, the uncertainty-aware controller solves the local dynamic program under a
stressed outdoor-temperature sequence

Tow = TPu + 0.5h+ 1.5, h = max(0,6") + max(0,c7) + max(0,1n7), (10)

where 87 is an outdoor-temperature shift, 67 an outdoor-temperature residual scale, and 7 a thermal-
model error margin. The coefficients 0.5 and 1.5 are fixed heuristics. The implemented controller also uses
a risk-adjusted building stress signal,

?. = max(0, £, — min(0.45,0.75q + 0.04h)), (11)

and falls back to the service-constrained building profile when the building is dropped or when g > 0.15.
A restore-by field is stored in the generated building contract,

Ty
D Whe =) se = 1, <, (12)
=t

where H;te 1 denotes the local cooling-energy requirement implied by the comfort dynamic program.

Building feasibility is enforced by the local dynamic program and fallback logic rather than by a central
aggregate restore constraint. Table 1 summarizes the parameter provenance for these uncertainty and
controller settings.

Table 1. Uncertainty and controller parameters used in the executable Methods.

Quantity Classification Implementation Source and Role

empirical input, split-
Arrival timing margin  conformal input, or
6 scenario sensitivity

assumption

uncertainty.ev_arrival perturb_minutes or
controller uncertainty.ev_arrival perturb_minutes; contributes to EV reserve
factor but does not shift the actual arrival step in the controller.

empirical input, split-
Departure timing marginconformal input, or
54 scenario sensitivity

assumption

empirical input, split-

ev_departure_perturb_minutes; converted to timesteps by Equation (8) using
round; also drives the EV earlier-departure stress audit.

Requested-energy error

EE

conformal input, or
scenario sensitivity
assumption

ev_requested_energy error_fraction; enters Equation (9) with fixed unit
coefficient.

Outdoor-temperature
shift 87 and residual
scale a”

empirical input or
scenario sensitivity
assumption

outdoor temperature_shift ¢ and outdoor temperature noise std c; part of
heat-risk input h. In conformal service-margin configs these are set to zero,
and the thermal scalar score populates n”.

Thermal-model error 1

o empirical proxy or split- thermal model_error_c; derived from NREL/NIST-style thermal calibration
conformal scalar input

artifacts or the conformal thermal service score.
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Communication dropout

1 assumption

configuration constant
or scenario sensitivity

communication_dropout_rate; not telemetry calibrated and not conformally
calibrated. It enters EV reserve, thermal temperature stress, building
fallback, and risk-stress weighting.

EV reserve coefficients

240, 0.25, 0.25q fixed heuristic

Literal constants in _ev_reserve factor; not learned, fitted, or conformally
calibrated.

Thermal coefficients

0.5, 1.5 fixed heuristic

Literal constants in the risk-temperature calculation for building/TCL
scheduling.

Dropout fallback

threshold 0.15 fixed heuristic

If dropout risk is at least 0.15, building/TCL scheduling uses the service-
constrained local profile.

Risk-weight expression

min(0.45,0.75q + fixed heuristic

Reduces the stress signal used by the building dynamic program; not a
calibrated reserve law.

0.04h)

controller.objective_weights.* (where * denotes any configured objective-
configuration constants weight key) and controller.reserve price per kwh; used only in the
optimization-aware EV allocation study.

Optimization objective
weights

The optimization-aware mode uses a linearized EV allocation problem after local building/TCL
profiles have been selected. Let z upper-bound the aggregate feeder peak and zg upper-bound phase-

specific loading. Let y;, be the feeder-location sensitivity returned by the feeder interface, #; =
P?/max,P? the normalized loading signal, A¥ the transformer loading proxy, Ag’t the phase-pressure
proxy, n, g the local contract concentration, and c;; the per-kW EV placement cost:

Cie = Wity + Wy A¥ + wyyp,
s t . (13)
+we (’1¢i.f + 0.1nbi,¢i) + wemax(0, £, — 0.65) + WST +wg + 17,
where w;, wy, Wy, We, We, W, Wg  are loading, transformer, voltage, phase-imbalance, curtailment,
service-slack, and reserve weights, and 7R is an optional reserve price. The solved linear program is

min CieDit +WpZ+We ) Zp
pEV 2,24
it ¢
BV < 5 = -
st. 0<p/ <&,.p;, Vit

Z piy At = E[*Y, Vi,

; (14)
P/™ + Z pf <z, Vvt
i
Pl + Z pE <z4, Vot

i:pi=¢
where Ptf ™ and Pdf. l,;_x include base load and local building/TCL dispatch. SciPy linear programming is
used when available; otherwise, a deterministic greedy allocator fills EV energy in low-cost feasible
timesteps. The formulation is optimization-aware because the allocation objective and constraints are
explicit, but it is not AC optimal power flow (OPF) and does not impose hard voltage or thermal feeder-
security constraints. Voltage, line-loading, transformer-loading, and phase-imbalance outcomes are
evaluated ex post through OpenDSS when a feeder model is available.

The historical simplified uncertainty matrix compares four controller modes. Uncontrolled charging is
immediate, and buildings follow thermostat-only behavior. Service-constrained dispatch spreads EV
charging and modulates buildings while preserving local service, without feeder coordination. Feeder-
aware dispatch uses the stress signal and bus sensitivity in a sequential low-stress placement heuristic.
Uncertainty-aware dispatch applies Equations (8)—(11) before the feeder-aware heuristic. Optimization-
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aware dispatch is enabled only in separate focused analyses; it uses Equation (14) for EV allocation while
keeping building/TCL dispatch in the local comfort-constrained dynamic program.

3.4. Algorithms

Algorithm 1 summarizes the individual-agent simulation and feeder-evaluation flow. Algorithm 2
summarizes the uncertainty-aware tightening flow.

Algorithm 1. Individual-agent service-contract simulation and feeder evaluation
Step Operation

1: Generate seeded EV, building/TCL, base-load, placement, uncertainty, and feeder metadata.

2: Generate individual EV and building service-contract records and bus/phase summaries for representation, diagnostics,
and selected objective terms.

3: Build controller inputs from the retained individual-agent scenario, base load, uncertainty configuration, and feeder-

sensitivity view.

Dispatch EV and building/TCL flexibility at individual-agent granularity according to the selected controller mode.
Apply heuristic uncertainty-aware reserve tightening or the separate optimization-aware EV allocation when enabled.
Convert dispatch into individual AgentLoad records with agent identifier (ID), bus, phase, and profile.

Evaluate dispatch through a simplified radial feeder or OpenDSS feeder model ex post.

Report grid, realized service, reserve, curtailment, stress-audit, exposure-proxy, payload-proxy, and placement metrics.

S AN A

Algorithm 2. Uncertainty-aware service-contract tightening
Step Operation

l: Convert nonnegative departure timing uncertainty into integer timesteps using round(max(0, delta_d)/Delta t m).

2: Tighten EV effective departure windows while preserving at least one timestep after arrival.

3: Increase EV planning energy using the fixed heuristic reserve factor in Equation (9); apply path-specific feasibility
fallback/capping.

4. Stress building/TCL thermal planning with the fixed heuristic heat/dropout transformation in Equation (10).

5: Use service-constrained building control when an agent is dropped, or the dropout sensitivity reaches the fallback
threshold.

6: Audit dispatch under the separate EV earlier-departure stress case; the implemented metric

stress comfort violation degree minutes is recorded as zero.

3.5. Experimental Design

The study uses a 24 h horizon with 15 min timesteps. Synthetic EV and building agents are generated
from deterministic seeds. Placement controls include penetration level, clustered versus dispersed adoption,
phase policy, EV location class, and building type. The simplified radial feeder is used for controlled
algorithmic comparisons when no OpenDSS model is part of the run.

OpenDSS feeder evaluation uses locally configured IEEE 123 and IEEE 34 feeder master files. The
adapter compiles the feeder for each timestep, discovers native load buses and phases, scales feeder-native
loads to the scenario base load, injects each individual EV/building AgentLoad at mapped service points,
solves snapshot power flow, and records native voltage, line-loading, transformer-loading, phase-
imbalance, losses, and service-location diagnostics. OpenDSS is therefore an ex-post feeder
audit/evaluation layer. Its voltage and loading results are not embedded as hard constraints in every
scheduler and are not a formal security certification.

The experimental design is summarized in Table 2. The simplified radial study isolates controller
behavior under controlled uncertainty factors. The IEEE 123 and IEEE 34 OpenDSS uncertainty matrices
provide the main feeder-physics evidence using the uncertainty settings configured at the time of the long
feeder runs. Focused data-minimization, conformal-margin, and optimization-aware experiments are
intentionally narrower because they test specific scientific claims rather than universal performance.
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Table 2. Scenario factors and analytical role.

Study Scenario Factors and Analytical Role
Simplified radial benchmark; uncontrolled, service-constrained, feeder-aware, and uncertainty-aware modes;
256 scenarios from two seeds and 1024 controller evaluations; 50% EV/building penetration;
dispersed/clustered adoption; balanced phase policy; workplace and mixed EV classes; EV arrival/departure,
requested-energy error, outdoor-temperature shift, and dropout factors. Supports controller-behavior and
service-grid tradeoff evidence; feeder physics is evaluated in the OpenDSS matrices.
IEEE 123 and IEEE 34 OpenDSS engines; same four controller modes; 2048 scenarios and 8192 controller
OpenDSS  evaluations per feeder from two seeds; 50% penetration; dispersed/clustered adoption; balanced/random phase
matrices  policies; workplace/mixed EV classes; residential/mixed building classes; same factor structure with configured
stress magnitudes at run time. Main evidence for feeder-specific voltage, loading, phase, and placement effects.
Simplified radial, IEEE 123, and IEEE 34; raw-state, individual-contract, and noisy/coarsened information-
Information view proxies; one seeded short case per feeder/view; clustered adoption; balanced phase policy; fixed
views EV/building class mix; fixed information-view stress case. Supports exposure and serialized-payload proxy
comparison; no formal privacy mechanism is implemented.
Simplified radial, IEEE 123, and IEEE 34; four historical controller modes; three margin levels per feeder;
Conformal clustered adoption; balanced phase policy; fixed EV/building class mix; 80/90/95% split-conformal scalar
margins  service-score margins. Supports marginal scalar-score coverage diagnostics and reserve-cost trends; feeder-
wide probabilistic voltage and loading security are evaluated separately through OpenDSS diagnostics.

Controller
behavior

IEEE 123 and IEEE 34 OpenDSS engines; feeder-aware, uncertainty-aware, optimization-aware, and baseline
modes; eight paired scenarios from two seeds and 40 evaluations; dispersed/balanced and clustered/random
placement cases; selected EV departure, requested-energy, and heat-stress factors. Supports a bounded
linearized controller scaffold for reserve and feeder-stress co-tuning; AC OPF benchmarking is a future
comparison.

Optimization-
aware

The identical service-risk counts reported for IEEE 123 and IEEE 34 follow from the experiment design.
The stress-risk audit is driven by the shared synthetic service cases and uncertainty perturbations, so the
same agent-service scenario can produce the same stress-risk count on both feeders. Feeder voltage, line-
loading, transformer-loading, phase-imbalance, and service-location metrics are then computed using
feeder-specific OpenDSS models; the resulting grid impacts differ because the two feeders have different
impedances, native load locations, phase structure, and service-point mappings. The historical simplified-
feeder stress-risk reduction reported in Results should be interpreted as an EV earlier-departure stress-audit
result: the implemented metric stress_comfort violation degree minutes is recorded as zero.

3.6. Empirical and Split-Conformal Input Selection

Empirical uncertainty inputs are constructed outside the controller and written into experiment
configuration keys. EV arrival, early-departure, and requested-energy quantities use ACN charging-session
fields as service residual proxies; outdoor-temperature uncertainty uses weather persistence residuals;
thermal service uncertainty uses a reduced-order thermal-model error proxy from National Renewable
Energy Laboratory (NREL)/National Institute of Standards and Technology (NIST)-style calibration
artifacts. These inputs populate scenario or controller uncertainty keys, but they do not estimate the fixed
structural coefficients in Equations (8)—(11). Communication dropout remains a configured sensitivity
assumption rather than a telemetry-calibrated quantity.

The split-conformal extension is a scalar service-score input-selection procedure. The executable
calibration uses a split seed of 20260727, confidence levels of 80%, 90%, and 95%, and
train/calibration/test-type partitions formed by shuffling with deterministic seeds. For EV session records,
the split fractions are 60% training, 20% calibration, and the remaining records for held-out testing. The score
families are arrival-time deviation, early-departure service risk, requested-energy shortfall fraction, and
thermal comfort heat stress. Thermal scores use weather heat residuals plus a reduced-order thermal root-mean-
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square error (RMSE) proxy and apply a separate deterministic seed offset for the value split. For a calibration
score set of size n and confidence level ¢ = 1 — a, the finite-sample conformal quantile uses rank

r=[(n+1)c], (15)

with the largest available calibration score used as a fallback when the rank exceeds n. The selected scalar
quantiles are mapped into the existing uncertainty keys: EV arrival minutes, EV early-departure minutes,
EV requested-energy shortfall fraction, and thermal-model error. The procedure provides finite-sample
marginal coverage for those scalar scores under exchangeability assumptions; it is not a new conformal
algorithm, not a joint EV/building guarantee, not conditional coverage, not a feeder-security guarantee, and
not a learned controller reserve law.

3.7. Information-View and Noisy/Coarsened Protocol

The reduced-information experiment is an information-view and information-exposure proxy study. It
uses the privacy-utility configurations with a 24 h horizon, 15 min timestep, seed 20260724, 60 EV agents,
60 building/TCL agents, clustered placement, balanced phase policy, and the three information levels
raw_data oracle, contract only, and noisy contract aggregation. These labels describe serialized
accounting views; in all three levels, dispatch is still built by calling the feeder-aware scheduler on a
SmokeScenario and a feeder-sensitivity view.

The raw-state view serializes per-agent EV and building private-state records for accounting. The EV
raw record includes agent identifier (ID), bus, phase, arrival step, departure step, battery capacity, initial
SOC, target SOC, requested energy, charger rating, and location class. The building raw record includes
agent ID, bus, phase, base load, HVAC rating, initial temperature, comfort bounds, thermal gain, cooling
coefficient, and building type.

The individual-contract information view serializes the generated EV and building-contract dictionaries.
This payload includes time-indexed min/max envelopes and service fields, which is why its byte count can
exceed that of the raw-state payload, even though the exposure proxy assigns a lower semantic weight to
contract fields. The label contract only in saved artifacts should be read as an individual-contract
payload/exposure proxy, not as proof that the executable controller receives only serialized contracts.

The noisy/coarsened information-view proxy has three separate mechanisms. First, dispatch planning
uses a noised base-load profile P? = max{0, P2(1 + &)} with independent Gaussian &, ~ N'(0, 0.02?)
and seed offset seed + 1907. Second, the feeder-sensitivity view is coarsened to zone granularity and
perturbed by per-bus Gaussian noise with standard deviation 0.08 and seed offset seed + 3401, then clipped
to a minimum sensitivity of 0.1. Third, generated contracts are concatenated as EV contracts followed by
building contracts and grouped into sequential chunks of nominal size 10, producing 12 groups for the 120-
agent privacy-utility case. The grouped payload stores group id, agent count, location granularity, and
per-timestep min_kw and max_kw. Each grouped min/max value is independently perturbed by Gaussian
noise with standard deviation 0.15 kW using seed offset seed + 8123, clipped at zero, and rounded to three
decimals before JavaScript Object Notation (JSON) serialization.

Only the first two mechanisms affect dispatch planning. The grouped/noisy contract-envelope payload
is used for exposure and payload accounting, either after or alongside dispatch, and is not consumed as a
dispatch input. No feasibility projection is applied to the grouped/noisy envelopes beyond nonnegative
clipping; independently noised min/max fields are therefore not claimed to be physically feasible dispatch
bounds. The observed noisy-view utility degradation should be interpreted as arising from degraded base-
load planning information and noised/coarsened feeder sensitivity, not from dispatching noised grouped
contract envelopes.
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3.8. Metrics and Scope of Inference

Grid metrics are computed from feeder-evaluation step results. They include peak load, losses, voltage
violations below the configured minimum voltage limit, overload indicators above 100% loading, line-
overload timesteps, transformer-overload timesteps, maximum line loading, maximum transformer loading,
and maximum phase imbalance. Service metrics are ex-post nominal realized metrics: EV departure-energy
shortfall, EV departure-SOC violation count, building comfort degree-minutes, and emergency-override
count. Stress-audit service-risk flags are separate from nominal realized service metrics; they are based on
stress EV shortfall or stress comfort violation fields in controller metrics.

The information-exposure score is a project-defined proxy,

X = Fprivate + O-ZSFcontract + LlocNagent' (16)

where Fprivate 1S the counted number of shared raw private fields, Feongrace 18 the counted number of
shared contract fields, Lo is the location-granularity score, and Nygen, is the number of EV plus building
agents. Exact bus/phase location uses L;,. = 1.0; zone granularity uses L, = 0.35; system granularity
uses Lj,. = 0.0; otherwise, the implementation uses 0.5. This is not measured information leakage, mutual
information, a differential-privacy epsilon, or a formal privacy metric.

Serialized payload size is also an accounting proxy. The implementation forms deterministic JavaScript
Object Notation (JSON) strings with sorted keys for the raw, individual-contract, or grouped/noisy payload
and records len(payload.encode(“‘utf-8”)). This is a serialized payload-size proxy; it does not measure network
traffic, bandwidth, or end-to-end communication overhead. Conformal coverage metrics are held-out scalar-
score coverage diagnostics and do not imply feeder-wide voltage, loading, or service feasibility guarantees.

4. Results
4.1. Results Overview and Scope

Table 3 summarizes the main results, their supporting experiments, and the scope of inference.

Table 3. Summary of results and scope of inference.

Result Supporting Experiment and Quantitative Qutcome Scope of Inference
Across tested nominal synthetic
scenarios, realized EV Controller-behavior matrix reports 0 realized EV energy

Tested synthetic scenarios and

departure-energy shortfall and shortfall and 0 comfort violations; the OpenDSS runs use . . .
service-audit definitions.

building comfort violations are the same nominal service audit.
Zero.

Implemented stress-audit flags fall 106 to 64 in the
Earlier-departure EV stress-  simplified matrix and 1005 to 536 on both OpenDSS
audit protection has a peak cost. feeders; mean peak cost is 33.78 kW in the simplified
matrix and 17.66/18.26 kW on IEEE 123/34.

Earlier-departure EV stress audit
under configured uncertainty
factors.

Two locally configured IEEE
feeders; ex-post OpenDSS
diagnostics.

OpenDSS feeder outcomes OpenDSS overload-delta totals are 1152 on IEEE 123 and
differ by feeder. 3746 on IEEE 34; voltage-delta totals are 0 and 2.

The individual-contract information view matches the raw-Focused short utility checks using
Individual-contract information state information view’s peak reduction on both feeders, information-exposure and

views reduce the exposure while the information-exposure proxy score falls from serialized payload-size proxies;
proxy in a focused comparison. 1260 to 495; the noisy/coarsened information view lowers grouped/noisy payloads are not
the score to 63 but costs about 69-70 kW. dispatch inputs.

Split-conformal scalar service- At 95%, stress shortfall reduction is 412.18 kWh; peak Scalar service-score input
score inputs reveal reserve-cost cost is 118.63 kW on IEEE 123 and 124.40 kW on IEEE  sensitivity with ex-post OpenDSS
sensitivity. 34. diagnostics.
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Optimization-aware mode removes stress-risk flags in the Focused linearized allocation
tested cases but increases peak tradeoff; IEEE 34 overload analysis with OpenDSS feeder
exposure rises under selected weights. audit.

Optimization-aware allocation
clarifies the tested tradeoff.

4.2. Realized Service Outcomes

Across the tested nominal synthetic scenarios, realized EV departure-energy shortfall and building
comfort violations were zero. In the 256-scenario controller-behavior matrix, the maximum realized EV
energy shortfall is 0 kWh, and the maximum comfort violation is 0 degree-minutes. The separate stress
audit asks whether the same EV schedules still satisfy earlier-departure service tests under uncertainty
perturbations. That audit is where the service-grid tradeoff appears. Table 4 summarizes the controller-
mode service and peak outcomes.

Table 4. Controller-mode service and peak-outcome variation.

Mode Cases Seeds Peak Mean Peak Std Peak-Red. Mean Peak-Red. Range  Stress-Risk
Uncontrolled 256 2 1562.7 50.10 0.00 0.00 to 0.00 0
Service-constrained 256 2 1519.9 32.06 42.79 —14.20 to 144.39 0
Feeder-aware 256 2 1477.4 35.54 85.33 17.02 to 192.34 106
Uncertainty-aware 256 2 1511.2 50.23 51.55 —27.69 to 166.07 64

4.3. Service-Risk Reduction and Peak-Cost Tradeoff

The simplified matrix quantifies a measurable earlier-departure EV stress-risk/peak-reduction tradeoft:
stress-audit flags fall from 106 to 64 while mean peak reduction falls from 85.33 to 51.55 kW,
corresponding to a 33.78 kW mean peak cost. Deterministic feeder-aware dispatch reduces peak more
aggressively, while the heuristic uncertainty-aware mode reserves EV energy and building thermal
flexibility according to the implemented uncertainty rules. Table 4 also shows substantial scenario variation:
uncertainty-aware peak reduction ranges from —27.69 kW to 166.07 kW, so the reserve policy can be costly
in some cases and useful in others. Figures 2 and 3 report the two-feeder OpenDSS uncertainty-study
outcomes discussed in Section 4.4; they do not depict the separate 256-scenario simplified matrix
summarized above.

Stress-risk reduction by uncertainty factor

1000 A B Feeder-aware
I Uncertainty-aware

800 -

600 A

400 -

Stress-risk cases

200 A

Figure 2. Earlier-departure EV stress-audit case counts by nonzero uncertainty factor for feeder-aware and uncertainty-aware
control in the IEEE 123 and IEEE 34 OpenDSS studies; each bar summarizes 1024 paired scenarios.
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Reserve held versus peak-cost tradeoff
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Figure 3. Total EV-plus-thermal reserve held under uncertainty-aware control versus peak-demand cost relative to feeder-aware
control in the IEEE 123 and IEEE 34 OpenDSS studies; each feeder contributes 2048 paired scenarios.

4.4. Feeder-Physics Impacts on IEEE 123 and IEEE 34

The OpenDSS uncertainty studies provide the primary ex-post feeder audit evidence. Each IEEE feeder
has 2048 scenarios and 8192 controller evaluations using the uncertainty settings available at the time of
the long feeder runs. The two-feeder OpenDSS comparison shows feeder-dependent peak, overload, and
voltage outcomes for the same stress-audit count reduction, from 1005 to 536 cases on both IEEE 123 and
IEEE 34. The mean peak tradeoff relative to deterministic feeder-aware dispatch is similar across feeders,
but the feeder-loading outcome is not: the overload-delta total is 1152 on IEEE 123 and 3746 on IEEE 34.
This difference is central to the paper. The same heuristic uncertainty-aware policy can have different ex-
post feeder outcomes when feeder impedance, loading, phase structure, and service-point mapping change.
Table 5 summarizes the two-feeder service-grid tradeoff.

Table 5. IEEE 123 and IEEE 34 service-grid tradeoff.

Feeder Cases Cost Mean Cost Min  Cost Max Cost Std  Resolved  Overload Delta Voltage Delta
IEEE 123 2048 17.66 —44.34 88.32 19.62 469 1152 0
IEEE 34 2048 18.26 —45.93 89.14 20.33 469 3746 2

Figure 4 shows the corresponding loading-duration curves for the two OpenDSS feeders.

OpenDSS loading-duration curves

Line loading Transformer loading
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3 —— ieeel23 Uncontrolled
o N
< — ieee34 Feeder-aware
o 60 4 1 —— ieee34 Service-constrained
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Figure 4. OpenDSS (Open Distribution System Simulator) loading-duration curves for IEEE 123 and IEEE 34 ex-post feeder
audits.
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Clustered and dispersed adoption produce similar stress-audit reductions but different feeder-stress
patterns. In the OpenDSS uncertainty matrices, clustered adoption has a higher mean peak cost and larger
overload-delta totals than dispersed adoption on both feeders. Native feeder-physics diagnostics also show
that IEEE 34 has lower voltage headroom and higher transformer-loading exposure than IEEE 123 under
the mapped service points. These observations motivate future objective tuning that accounts for service
reserve, feeder-specific loading, and phase concentration.

4.5. Information-View Proxy Tradeoff

The reduced-information contribution is evaluated through an information-view proxy comparison.
Table 6 compares raw-state, individual-contract, and noisy/coarsened information views on IEEE 123 and
IEEE 34. In the focused information-view comparison, the individual-contract view exactly matched raw-
state peak reduction on both feeders while lowering the information-exposure proxy from 1260 to 495. The
serialized payload-size proxy is larger for the individual-contract view because it contains time-indexed
envelopes. The noisy/coarsened information view reduces serialized payload size and the exposure proxy
further, but produces a 69.24 kW peak tradeoff on IEEE 123 and a 70.15 kW peak tradeoff on IEEE 34,
with a 6.50 kWh stress-audit EV shortfall. That utility change should be read as the effect of
degraded/noised base-load planning information and noised/coarsened feeder sensitivity; the grouped/noisy
contract-envelope payload is serialized for accounting and is not consumed as a dispatch input.

Table 6. OpenDSS (Open Distribution System Simulator) information-view proxy comparison.

Feeder Information View Peak Red. Tradeoff Stress Shortfall Serialized Exposure
(kW) (kW) (kWh) Payload (kB) Proxy
IEEE 123 Raw-state view 60.15 0.00 0.00 38.15 1260
IEEE 123 Individual-contract view 60.15 0.00 0.00 375.13 495
IEEE 123 Noisy/coarsened view —9.08 69.24 6.50 17.27 63
IEEE 34 Raw-state view 60.82 0.00 0.00 38.15 1260
IEEE 34 Individual-contract view 60.82 0.00 0.00 375.13 495
IEEE 34 Noisy/coarsened view —9.33 70.15 6.50 17.27 63

Figure 5 summarizes the exposure and payload proxy comparison for the focused reduced-information test.

OpenDSS data exposure versus utility
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—_ 10 - A IEEE 123 / Noisy contracts |EEE 34 / Noisy contracts
T
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Data-exposure proxy (lower is less exposed)

Figure 5. Information-view exposure and serialized payload-size proxy comparison for raw-state, individual-contract, and
noisy/coarsened views in the focused reduced-information comparison.
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4.6. Calibrated and Conformal Service-Margin Cost

Empirical EV margins use a partial ACN-Data multi-site merge, weather persistence residuals, and
National Renewable Energy Laboratory (NREL)/National Institute of Standards and Technology (NIST)
thermal calibration outputs. The conformal-input study shows that higher split-conformal scalar service-
score quantile levels increase reserve cost and stress-shortfall reduction in the tested OpenDSS audits. Table
7 reports the corresponding OpenDSS feeder impacts. At 95%, stress shortfall reduction reaches 412.18
kWh on both feeders, while peak cost reaches 118.63 kW on IEEE 123 and 124.40 kW on IEEE 34. These
are conformal-input sensitivity results for scalar service-score quantile inputs.

Table 7. OpenDSS (Open Distribution System Simulator) split-conformal scalar service-score input impacts.

Feeder Level Peak Cost (kW) Shortfall Reduction (kWh) EV Reserve (kWh) Overload Delta
IEEE 123 80% 79.43 122.44 278.30 4
IEEE 123 90% 105.27 223.15 278.30 6
IEEE 123 95% 118.63 412.18 278.30 6

IEEE 34  80% 79.93 122.44 278.30 4
IEEE34  90% 109.22 223.15 278.30 9

IEEE 34  95% 124.40 412.18 278.30 13

Figure 6 shows the peak-cost pattern for the split-conformal scalar service-score inputs.

OpenDSS Conformal Peak-Cost Tradeoff
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Figure 6. Peak-cost comparison for split-conformal scalar service-score inputs in the OpenDSS feeder audits on IEEE 123 and
IEEE 34.

4.7. Optimization-Aware Allocation Results

The optimization-aware controller is included to make the coordination objective explicit in a focused
analysis. It retains individual EV/time decision variables and individual building profiles, while the
bus/phase contract count enters the EV cost as a location-density term. The allocation problem is linearized
and is solved with SciPy linear programming or a deterministic fallback; nonlinear feeder feasibility is
evaluated ex post through OpenDSS rather than guaranteed by the scheduler. Table 8 shows the bounded
IEEE 123/IEEE 34 optimization-aware study. The focused linearized allocation study shows that reducing
tested stress-risk flags to zero can increase peak tradeoff and, on IEEE 34 under the selected weights,
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overload-count exposure. This result identifies reserve cost, phase concentration, and feeder loading as
coupled design variables for future objective tuning.

Table 8. Linearized optimization-aware two-feeder OpenDSS (Open Distribution System Simulator) audit.

Feeder Mode Cases  Peak Red. (kW) Tradeoff (kW) Risk Cases Overload Viol.
IEEE 123 Feeder-aware 4 44.29 0.00 1 0
IEEE 123 Uncertainty-aware 4 32.65 11.64 0 0
IEEE 123 Optimization-aware 4 32.37 11.92 0 0
IEEE 34 Feeder-aware 4 44.58 0.00 1 0
IEEE 34 Uncertainty-aware 4 32.96 11.62 0 1
IEEE 34 Optimization-aware 4 27.69 16.89 0 8

Figure 7 shows the focused optimization-aware controller tradeoff across the two feeders.

Optimization-aware peak-reduction tradeoff

Bm Feeder-aware
W Uncertainty-aware
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Figure 7. Linearized optimization-aware controller tradeoff on IEEE 123 and IEEE 34 under the focused two-feeder OpenDSS audit.

5. Discussion

The results support a bounded empirical interpretation: the shared EV/building service-contract
representation exposes tradeoffs among realized service outcomes, earlier-departure EV stress-audit
outcomes, feeder loading and voltage outcomes, reduced-information information views, and heuristic
uncertainty inputs. Across the tested nominal synthetic scenarios, realized EV departure-energy shortfall
and building comfort violations were zero. In the separate simplified stress audit, heuristic uncertainty-
aware tightening reduces earlier-departure EV stress-audit flags from 106 to 64, with a 33.78 kW mean
peak cost relative to deterministic feeder-aware dispatch. These outcomes show a service-grid tradeoff in
the evaluated cases.

The two OpenDSS feeder audits strengthen this interpretation. IEEE 123 and IEEE 34 show the same
implemented stress-audit reduction, from 1005 to 536 cases, but different overload behavior: overload-delta
totals are 1152 on IEEE 123 and 3746 on IEEE 34. Controller performance under mapped individual-agent
loads, therefore, depends on feeder topology, phase structure, native loading, and service-point placement.
The reduced-information experiment adds an empirical information-view tradeoff. The individual-contract
information view matches the raw-state information view’s peak reduction on both feeders while reducing
the information-exposure proxy from 1260 to 495. The noisy/coarsened information view further reduces
the exposure proxy and the serialized payload-size proxy, but its utility degradation should be attributed to
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noisy/degraded base-load planning information and noisy/coarsened feeder sensitivity; the grouped/noisy
contract-envelope payload is not a dispatch input.

The empirical and conformal margin experiments sharpen the interpretation of uncertainty without
changing its scope. Empirical confidence labels are operational controller settings derived from available
residual data. Split-conformal margins provide finite-sample marginal score coverage for specified scalar
service scores under exchangeability, while feeder-wide voltage and loading outcomes remain ex-post
OpenDSS feeder-audit results. The optimization-aware analysis likewise has a focused role: it provides a
linearized optimization-aware EV allocation scaffold with individual EV/time variables, individual
building profiles, SciPy linear programming or deterministic fallback, and a bus/phase contract-count
location-density cost term. It is useful for testing reserve and feeder-stress objective weights, not for
claiming AC OPF or guaranteed nonlinear feeder feasibility.

6. Scope, Limitations, and Future Work

These contributions are scoped around a clear technical boundary. The current implementation is a
monolithic individual-agent simulator: service contracts, bus/phase summaries, information-view records,
exposure quantities, and payload quantities are representation and evaluation objects, not the exclusive
controller boundary. No true contract-only, aggregate-only, or noisy grouped-contract dispatch architecture
is implemented. The study evaluates reduced-information representations that could reduce exposed
information relative to raw-state views, while the executable simulator retains individual agent state internally.

The information-view results are proxy measurements. The information-exposure score is a declared-
field and location-granularity proxy, not measured leakage, mutual information, a differential-privacy
budget, or a formal privacy metric. The payload values are serialized payload-size accounting from
deterministic JSON, not measured bandwidth, latency, or communication cost. The grouped/noisy contract-
envelope payload is serialized for exposure and payload accounting and is not consumed by dispatch. In
the noisy/coarsened view, dispatch changes come from noised/degraded base-load planning information
and noised/coarsened feeder sensitivity.

The feeder and uncertainty evidence is also bounded. IEEE 123 and IEEE 34 provide complementary
OpenDSS ex-post feeder evaluation with synthetic agents and 24 h scenarios; they do not establish universal
feeder generality or a feeder-security certificate. The uncertainty-aware controller uses fixed heuristic
coefficients and configured or empirically populated uncertainty inputs; these coefficients are design
heuristics, not learned laws. The split-conformal component supplies scalar service-score uncertainty inputs
under exchangeability assumptions only. It does not provide joint EV/building, conditional, or feeder-wide
voltage/loading guarantees. The historical 106 to 64 result should be read as an earlier-departure EV stress-
audit flag reduction; the implemented metric stress_comfort violation degree minutes is recorded as zero.

The optimization-aware analysis is a linearized scaffold rather than AC OPF. Individual EV/time
variables and individual building profiles remain in the analysis, the bus/phase contract count enters as a
location-density cost term, SciPy linear programming or a deterministic fallback solves the EV allocation,
and OpenDSS is used afterward for feeder evaluation.

Future work should implement and test stronger methods directly. Useful extensions include a true
contract-only executable controller; aggregate-only or hierarchical contract dispatch; formal differential
privacy, secure aggregation, or other threat-model-driven privacy mechanisms; feasible noisy-envelope
projection; true grouped-contract dispatch experiments; nonlinear AC OPF or robust network constraints;
joint EV/building stress testing; field or live-data integration; operational digital-twin synchronization; and
telemetry-calibrated communication-dropout models. These are future extensions rather than capabilities
demonstrated by the present implementation.
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7. Conclusions

This paper presents and empirically evaluates two main contributions. First, it implements a shared
service-enriched EV/building representation that encodes EV departure-energy/deadline service and building
comfort/thermal service with feeder bus/phase labels and summaries inside an individual-agent feeder
workflow. Second, it empirically evaluates how the shared representation exposes service-grid, uncertainty-
input, feeder-audit, and information-view tradeoffs across the simplified and OpenDSS feeder studies.

The main empirical pattern is a bounded service-grid tradeoff. Across the tested nominal synthetic
scenarios, realized EV departure-energy shortfall and building comfort violations were zero. The separate
simplified stress audit shows an earlier-departure EV stress-audit flag reduction from 106 to 64 at a 33.78
kW mean peak cost. In the OpenDSS feeder audits, implemented stress-audit cases fell from 1005 to 536
on both IEEE 123 and IEEE 34, with mean peak costs of 17.66 kW and 18.26 kW and feeder-specific
overload outcomes.

The information-view results foreground the value of comparing representation choices directly. The
individual-contract information view matches raw-state peak reduction on both feeders while reducing the
exposure proxy from 1260 to 495; the noisy/coarsened view further reduces exposure and payload, with
utility changes driven by noisy base-load planning information and noisy/coarsened feeder sensitivity rather
than dispatch from grouped/noisy contract envelopes. The split-conformal inputs and optimization-aware
analysis provide scalar service-score sensitivity and a focused linearized allocation study within the same
empirical evaluation. Overall, the findings provide bounded empirical evidence for using shared
EV/building service representations to study contract-only control, formal privacy mechanisms, and feeder-
constrained optimization as future extensions.
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