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Abstract

Vehicle-to-grid (V2G) coordination asks hundreds of charging hubs to decide, every few minutes, how much to
charge or discharge the vehicles connected to them so that energy cost, peak demand, transformer loading, battery
wear and users' departure needs are balanced while renewable generation is absorbed. Multi-agent deep
reinforcement learning (MARL) is a natural control architecture for this problem, and sixth-generation (6G)
wireless systems promise the ultra-reliable low-latency links and edge intelligence it needs, but the value of that
connectivity has rarely been quantified. This article designs a data-driven analytics framework that links a
physical feeder-and-fleet model, a communication layer, a multi-agent learning layer and a decision layer, and
evaluates it on a transparent simulation testbed: a radial feeder with eight charging hubs and 200 vehicles behind
a 1,200 kW transformer, hub-level photovoltaics and feeder-level wind, duck-curve prices and carbon intensity,
and three communication archetypes (4G-LTE, 5G, 6G) that differ in message loss, setpoint delay, fleet-
flexibility messaging and eligibility for fast reserve products. Five policies are compared on 40 held-out days:
uncontrolled charging, a time-of-use heuristic, independent deep Q-learning, value-decomposition MARL and
a perfect-information linear-programming bound. Every coordinated policy removed the transformer overload
of uncontrolled charging, cutting daily cost by 27-40%; the learned policies beat a capacity-aware heuristic only
when the network supplied fleet-flexibility messages and reserve eligibility (by 2.5-7.8% under 6G, not under
4G) while remaining 30-41% above the bound. The value of 6G over 4G to the learned policy was 613 per
vehicle-year gross and 552 net of a connectivity premium, positive in every economic draw, split between a
market channel (reserve eligibility) and an information channel (fleet messages), with link loss and delay worth
little and the reserve price explaining 87 % of its variance. Savings rose with photovoltaics and price volatility,
and the policy did not generalise to a feeder without photovoltaics. All inputs are stylised with stated ranges;
the testbed and results file are provided.
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Introduction

Electric vehicles are becoming the largest flexible load on distribution networks, and their batteries,
parked for most of the day, are the largest distributed storage resource that a grid operator could call
on (Kempton & Tomi¢, 2005a; Kempton & Tomic, 2005b; IEA, 2024). Vehicle-to-grid (V2G) operation
(bidirectional charging that lets a fleet absorb surplus renewable generation, shave peaks and provide
reserves) has been studied for two decades, and its economics, its effects on distribution networks and
its social dimensions are reviewed in a large literature (Lopes et al., 2011; Yilmaz & Krein, 2013; Tan et
al., 2016; Mwasilu et al., 2014; Sovacool et al., 2018). What has changed is scale and timing: the
coordination problem now involves hundreds of charging hubs and thousands of vehicles whose
arrivals, departures and energy needs are uncertain, whose charging decisions interact through
transformer limits, voltages and tariffs, and whose value to the grid depends on reacting within seconds
to prices, renewable output and frequency events (Hu et al., 2016; Mukherjee & Gupta, 2015; Han et al.,
2010). Centralised optimisation of this problem is exact but brittle; decentralised heuristics are robust
but leave value on the table; and multi-agent reinforcement learning (MARL), in which each hub learns
a policy from its own observations while a central critic coordinates training, has emerged as the
architecture that promises both (Vazquez-Canteli & Nagy, 2019; da Silva et al., 2020; Shin et al., 2020;
Zhang et al., 2021).

Two gaps separate that promise from practice, and both are data problems. The first is communication.
A MARL controller is only as good as the information its agents receive: the aggregator's view of feeder
load, the fleet-flexibility messages that let one hub know what the others can do, and the setpoints that
the hubs execute. Fourth-generation cellular links deliver these with delays and losses that make the
information stale; fifth-generation ultra-reliable low-latency communication (URLLC) and the sixth-
generation (6G) vision of sub-millisecond latency, 10~ * reliability and intelligence at the edge promise
to remove the staleness and to make fast reserve products available to vehicle fleets (Saad et al., 2020;
Tataria et al., 2021; Letaief et al., 2019; Bennis et al., 2018; Popovski et al., 2019; Noor-A-Rahim et al.,
2022). Yet the 6G literature describes capabilities, not decisions: it does not say how much a hub
operator's cost or a feeder's peak changes when message age falls from minutes to milliseconds, nor
whether that change pays for the connectivity. The second gap is evaluation. Deep reinforcement
learning results are sensitive to seeds, hyperparameters and evaluation protocol (Henderson et al.,
2018; Agarwal et al., 2021; Dulac-Arnold et al., 2021), and many V2G learning studies report a single
training run against a weak baseline without a bound on what was achievable (Sumaiya, 2024, 2025,
2026). A decision-maker (a fleet operator, a distribution utility, an aggregator) needs a probability that
the controller beats the alternatives, the inputs that drive the outcome, and the value of the connectivity
it would have to buy.

This article designs a data-driven decision-analytics framework for 6G-enabled MARL V2G
coordination and evaluates it on a transparent simulation testbed. The framework, in the tradition of
design-science research (Hevner et al., 2004; Peffers et al., 2007; Gregor & Hevner, 2013), has four layers:
a physical layer (feeder, transformer, hubs, fleets, renewables, prices), a communication and edge layer
(telemetry, setpoints, fleet-flexibility messages, communication archetypes, reserve eligibility), a multi-
agent learning layer (observations, a safety layer, independent and value-decomposition Q-learning,
baselines and a bound) and a decision layer (metrics, Monte Carlo economics, scenarios, governance).
The testbed is a radial feeder with eight charging hubs and 200 vehicles behind a 1,200 kW transformer,
hub-level photovoltaics and feeder-level wind, duck-curve prices and a carbon-intensity profile that
follows solar output; three communication archetypes represent 4G-LTE, 5G and 6G links by message
loss, setpoint delay, whether fleet-flexibility messages are available and what share of fast reserve
products the link qualifies for; five policies (uncontrolled charging, a time-of-use heuristic, independent
deep Q-learning (IQL), value-decomposition MARL (VDN) and a perfect-information linear-
programming oracle) are trained with three seeds and evaluated on 40 held-out days. The testbed's
purpose is not to predict any real fleet's economics (it uses no measured data) but to show how the
framework's outputs behave: which policy wins with what probability, how much the communication
layer is worth and through which channels, how the answer changes with EV penetration, renewable
share and price volatility, and which economic inputs drive it. Because every input is a parameter, an
operator can replace the ranges with its own data; the testbed and the complete results file accompany
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the article.

Four research questions structure the study. RQ1: what do the V2G, charging-coordination, MARL, 6G
and smart-grid-communication literatures require of a decision framework for connected V2G control,
and what framework meets them? RQ2: how do uncontrolled, heuristic, independent and cooperative
learning policies compare on cost, peak demand, grid constraints, user service, renewable integration
and emissions, and how close do they come to the perfect-information bound? RQ3: what is the value
of the communication layer (of low loss, low delay, fleet-flexibility messages and reserve eligibility)
and how does it decompose, degrade and depend on economic inputs? RQ4: how do the results
generalise across EV penetration, renewable share and price volatility, and what do they imply for
implementation, standards and governance?

The results support a conditional answer. On the testbed, coordination of any kind removes the
transformer overload that uncontrolled charging causes and cuts daily cost by 27-40%; learned policies
beat a capacity-aware time-of-use heuristic only when the network gives them fleet-flexibility messages
and reserve eligibility (under 6G, not under 4G) and the independent learner with individual rewards
did better than value decomposition at the training budget used, while both remained 30-41% above
the perfect-information bound. The value of 6G over 4G to the learned policy, 613 per vehicle-year gross
and 552 net of a connectivity premium on the testbed, comes in roughly equal parts from market access
(fast-reserve eligibility) and from the edge aggregator's fleet-flexibility messages, and hardly at all from
the loss and delay of the radio link itself; it is positive in every economic draw, but 87% of its variance
comes from one input, the reserve price. Savings rise with photovoltaic scale and price volatility, the
learned policy does not generalise to a feeder without photovoltaics, and at high penetration the
transformer binds for every policy but the bound. The limitation to state at the outset is that every input
is stylised (the communication archetypes in particular are representations of what the standards
literature describes, not measurements of any network) and the article reports the sensitivity of each
conclusion to the ranges assumed.

Framing the problem as decision analytics rather than as control alone changes what the analysis has
to produce. The analytics literature distinguishes prediction from decision and shows that connecting
models to the decisions they serve matters more than marginal accuracy (Bertsimas & Kallus, 2020;
Elmachtoub & Grigas, 2022); reinforcement learning is decision-focused by construction, but its outputs
are policies and returns, not probabilities, break-evens and values of information, which is what a
capital decision about connectivity needs (Howard, 1966; Morgan & Henrion, 1990). The behavioural
literature warns that single-run results anchor judgement (Tversky & Kahneman, 1974; Kahneman,
2011), and the reinforcement-learning community has shown how much seeds and protocols move
reported numbers (Henderson et al., 2018; Agarwal et al., 2021). A framework for connected V2G
therefore has to state its data and their provenance, evaluate with seeds and held-out days against a
bound, propagate economic uncertainty into probabilities, present results as ranges (Spiegelhalter,
2017), and be interpretable enough that an operator can see why a policy acts as it does (Rudin, 2019).
The remainder of the article reviews the literature and derives the requirements (RQ1), describes the
testbed, the learning agents and the evaluation methods, reports outcomes, the value of connectivity,
generalisation and economics (RQ2-RQ4), and discusses implications, analytics practice, limitations
and further research. Twelve figures and fifteen tables carry the detail.

Background and Related Work

Vehicle-to-grid: fundamentals, economics and grid impacts

The V2G concept was set out by Kempton and Tomi¢, who calculated the capacity and net revenue that
vehicle fleets could offer to power markets and argued that regulation and spinning reserves, not bulk
energy, are the markets in which battery degradation and infrastructure cost are repaid (Kempton &
Tomi¢, 2005a; Kempton & Tomié, 2005b); the conceptual framework for an aggregator that mediates
between vehicles and markets followed (Guille & Gross, 2009), and aggregator designs for frequency
regulation and market bidding were developed (Han et al., 2010; Vagropoulos & Bakirtzis, 2013). The
grid-side literature quantified the other half of the problem: uncoordinated charging raises residential
feeder peaks and losses and can overload transformers, while coordinated charging flattens them
(Clement-Nyns et al., 2010; Lopes et al., 2011; Hilshey et al., 2013; IEEE, 2011); reviews of modelling
approaches and of V2G effects on distribution systems and utility interfaces consolidate these findings
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(Richardson, 2013; Yilmaz & Krein, 2013). The economics of using vehicle batteries for grid services
depend on degradation, and the evidence is mixed: early analyses found bulk arbitrage uneconomic
because of battery wear (Peterson et al., 2010), bidirectional cycling has been shown to accelerate ageing
under some protocols (Dubarry et al., 2017), while optimised V2G that keeps vehicles in favourable
state-of-charge windows can extend battery life (Uddin et al., 2017); degradation models for cell-life
assessment make the trade-off computable (Xu et al., 2018). Reviews of V2G technologies and
optimisation techniques (Tan et al., 2016; Mwasilu et al., 2014), of fleet management services (Hu et al.,
2016) and of the neglected social dimensions of a V2G transition (Sovacool et al., 2018; Noel et al., 2019)
complete the picture, and the integration interface is now standardised in ISO 15118-20 for bidirectional
sessions and IEEE 1547-2018 for interconnection (ISO, 2022; IEEE, 2018).

Charging coordination: optimisation, decentralised protocols and heuristics

Charging coordination has an optimisation literature. Optimal charging strategies for unidirectional
and bidirectional V2G were formulated as linear and quadratic programmes with energy and ancillary-
service markets (Sortomme & El-Sharkawi, 2011; Sortomme & El-Sharkawi, 2012), and reviews of
charge scheduling catalogue the objectives (cost, peak, losses, voltage, battery life) and the solution
methods (Mukherjee & Gupta, 2015). Because centralised solution of large fleets is impractical and
intrusive, decentralised protocols were developed in which vehicles respond to broadcast prices and
converge to the centralised optimum (Ma et al., 2013; Gan et al., 2013), in the tradition of controllable-
load aggregation and state estimation of load populations (Callaway & Hiskens, 2011; Mathieu et al.,
2013). Demand-response reviews place V2G among the flexible loads that tariffs and signals can shape
(Palensky & Dietrich, 2011; Siano, 2014; Deng et al., 2015; O'Connell et al., 2014), with real-time pricing
as the efficient but behaviourally demanding instrument (Borenstein, 2005). Open datasets and
simulators of workplace charging (ACN-Data and ACN-Sim) supply the arrival, departure and energy
distributions on which such studies now rest (Lee et al., 2019; Lee et al., 2021), and CityLearn provides
a gym environment for demand-response learning (Vazquez-Canteli et al., 2019).

Deep and multi-agent reinforcement learning

Deep Q-networks showed that a neural network could learn control from raw observations with
experience replay and target networks (Mnih et al., 2015); policy-gradient and actor-critic methods for
continuous control followed (Lillicrap et al., 2015; Schulman et al., 2017); the textbook treatment is
Sutton and Barto (Sutton & Barto, 2018). Multi-agent learning adds non-stationarity (each agent's
environment includes the other learners) and the independent-learner baseline dates from Tan (Tan,
1993); surveys of multi-agent reinforcement learning before and after the deep era map the design space
of cooperation, communication and credit assignment (Busoniu et al., 2008; Hernandez-Leal et al., 2019;
Zhang et al., 2021; Oroojlooy & Hajinezhad, 2023). The centralised-training, decentralised-execution
paradigm resolves the non-stationarity by training with global information while executing locally:
multi-agent actor-critic (Lowe et al., 2017), counterfactual policy gradients (Foerster et al., 2018), value-
decomposition networks that sum per-agent action values into a team value (Sunehag et al., 2018), their
monotonic generalisation QMIX (Rashid et al., 2018), and multi-agent PPO (Yu et al., 2022). The
evaluation literature is a warning: results depend on seeds, hyperparameters and reporting, and few
runs with point estimates mislead (Henderson et al., 2018; Agarwal et al., 2021); the challenges of real-
world reinforcement learning (safety constraints, partial observability, delays, non-stationarity) are
catalogued by Dulac-Arnold et al. (Dulac-Arnold et al., 2021).

Reinforcement learning for EV charging and power systems

Applications of reinforcement learning to demand response, EV charging and power systems are
reviewed from several angles (Vazquez-Canteli & Nagy, 2019; Yang et al., 2020; Perera & Kamalaruban,
2021; Cao et al., 2020; Chen et al., 2022; Zhang et al., 2020; Rolf et al., 2023). For EV charging specifically,
model-free deep reinforcement learning schedules single-station charging against uncertain prices
(Wan et al., 2019), safe reinforcement learning enforces charging constraints (Li et al., 2020), fleet
charging in day-ahead markets was learned with heuristics (Vandael et al.,, 2015), model-free
coordination was defined and evaluated against optimisation (Sadeghianpourhamami et al., 2020),
multi-agent learning coordinates charging across stations (da Silva et al., 2020), and cooperative multi-
agent deep reinforcement learning manages PV and storage at charging stations (Shin et al., 2020). The
common findings are that learned policies approach optimisation benchmarks when observations are
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informative (Aminul Islam, 2024; Aminul Islam & Md, 2023; Md. Morshedul & Aminul Islam, 2022),
that constraints need a safety layer, and that coordination across agents requires either shared rewards
or communicated state, which is where the communication layer enters (Kynatun & Saba, 2024;
Mansura Akter & Sumaiya, 2022).

6G, URLLC, age of information and V2X

The 6G vision papers describe a network of sub-millisecond latency, ultra-high reliability, native
artificial intelligence, integrated sensing and communication, and intelligence at the edge (Saad et al,,
2020; Tataria et al., 2021; Letaief et al., 2019; Dang et al., 2020; Zhang et al., 2019; Giordani et al., 2020);
the ITU-R framework for IMT-2030 sets out the usage scenarios and capabilities that standardisation
will target (ITU, 2023). URLLC is the capability that control applications need, and its tail, risk and scale
properties are the subject of a foundational analysis (Bennis et al., 2018) and of a design review
(Popovski et al., 2019). Age of information (the time since the last received update was generated) is
the metric that connects link quality to control quality (Kaul et al.,, 2012; Yates et al., 2021), and
distributed learning over wireless networks, including federated and multi-agent learning at the edge,
has its own research agenda (Chen et al., 2021; Park et al.,, 2019). Vehicle-to-everything (V2X)
communication is the concrete setting: 5G NR V2Xis tutorially described (Castafieda Garcia et al., 2021)
and the 6G V2X roadmap sets out the enabling technologies and open problems (Noor-A-Rahim et al.,
2022). Smart-grid communications have their own survey literature on requirements, standards and
infrastructures (Gungor et al., 2011; Yan et al., 2013; Fang et al., 2012; Kalalas et al., 2016), and the role
of 5G in smart grids and demand response has been reviewed (Reka et al., 2019; Hui et al., 2020). What
this literature does not provide is a decision model: the link between message loss, delay and reserve
eligibility on one side and fleet cost, peaks and emissions on the other.

Renewable integration, flexibility and distribution networks

High shares of variable renewables require flexibility (storage, demand response, transmission) and
vehicle fleets are among the largest potential sources (Denholm & Hand, 2011; Lund et al., 2015; Jenkins
et al., 2018); the market value of variable renewables falls as their share rises, which is the price signal
that flexible charging responds to (Hirth, 2013). Validated reanalysis-based PV and wind profiles are
the standard inputs for such studies (Pfenninger & Staffell, 2016; Staffell & Pfenninger, 2016), and the
carbon intensity of the grid, published by region and projected to fall, determines the emissions value
of shifting load (EPA, 2024; Gagnon et al., 2021; Siler-Evans et al., 2012). Distribution-network effects
are computed on test feeders (Baran & Wu, 1989; Kersting, 1991) with power-flow tools (Thurner et al.,
2018; Zimmerman et al., 2011) or linearised branch-flow models (Farivar & Low, 2013); electrification
of transport and heat shifts peaks and raises demand charges (Waite & Modi, 2020; Buonocore et al.,
2022; Mai et al., 2018).

Decision analytics and interpretable learning

The management-science literature supplies the framework's remaining requirements: prescriptive
analytics connects models to decisions (Bertsimas & Kallus, 2020; Elmachtoub & Grigas, 2022; Ban &
Rudin, 2019); aleatoric uncertainty (future prices, weather, arrivals) is distinguished from epistemic
uncertainty (costs, degradation, link quality) because only the second can be bought down (Hiillermeier
& Waegeman, 2021; Kendall & Gal, 2017); risk is identified, analysed, treated and recorded (ISO, 2018)
and communicated as probabilities and ranges (Spiegelhalter, 2017); high-stakes recommendations rest
on inspectable models (Rudin, 2019; Lipton, 2018; Doshi-Velez & Kim, 2017), with importance, partial
dependence and shallow trees making flexible models readable (Lundberg & Lee, 2017; Lundberg et
al., 2020; Fisher et al., 2019; Molnar, 2025); and human judgement is supported rather than replaced
(Amershi et al., 2019; Shneiderman, 2020; Fildes et al., 2009). Variance-based sensitivity analysis and
value of information connect uncertainty to decisions (Sobol', 2001; Saltelli et al., 2010; Herman & Usher,
2017; Howard, 1966), simulation studies follow conventions of verification and common random
numbers (Law, 2015; Sargent, 2013), and analytics capability pays through organisational routines and
data quality (Mikalef et al., 2019; Brynjolfsson et al., 2021; Hazen et al., 2014; Haug et al., 2011).
Requirements and the framework

Table 1 organises the literature into nine strands and the gap each leaves. Six requirements follow. R1,
a physical model with constraints: transformer rating, feeder voltages, hub capacity, battery limits and
users' departure targets must bind, because the value of coordination is the value of respecting them
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cheaply. R2, communication as a modelled layer: message loss, delay, information age, what is
communicated and which market products the link qualifies for must be parameters, so that
connectivity has a value. R3, learning with safety and coordination: agents must not violate user service

or hard limits while learning, and cooperation must be achievable without centralised execution.

Table 1: Literature strands, what they establish, representative sources and the gap addressed

Strand What the literature establishes Representative sources Gap addressed here
V26 f}lndamentals and Fleets can supply capacity and reserves; regulation and Kempton & Tomi¢ (2005a, 2005b); Guille & .
economics . Reserve revenue, degradation
reserve markets, not bulk energy, repay degradation Gross (2009); Han et al. (2010); and user service inside one
and infrastructure; aggregators mediate; degradation Vagropoulos & Bakirtzis (2013); Peterson reward and one economic
evidence is mixed and depends on the state-of-charge et al. (2010); Dubarry et al. (2017); Uddin et model
window al. (2017); Xu et al. (2018)
gf:j in impacts  of  EV Uncoordinated charging raises feeder peaks, losses and Clement-Nyns et al. (2010); Lopes et al. Transformer. hub and voltage
sng transformer loading; coordinated charging flattens (2011); Hilshey et al. (2013); IEEE (2011, constraints ,as enalties tﬁe
them; interconnection and transformer-loading 2018); Richardson (2013); Yilmaz & Krein nts must 1 rnpto ' ¢
standards bound the problem (2013) agents must fea espec
. TS . . Sortomme & El-Sharkawi (2011, 2012);
Cha'rg'lng' coordination: Linear anFi quadr'atlc programmes for V2G scheduling; Mukherjee & Gupta (2015); Ma et al. (2013); Perfect-information LP as a
optimisation and decentralised price-based protocols converge to the 1 . Call sk h
decentralised protocols centralised optimum; load-population aggregation and Gan et al. (2013); Callaway & Hiskens bound on - what any
state estimation ’ (2011); Mathieu et al. (2013); Vandael et al. coordination can achieve
(2015)
Flexible loads respond to tariffs and signals; real-time Palensky & Dietrich (2011); Siano (2014); Session ranges, duck-curve

Demand response, tariffs pricing is efficient but demanding; open workplace- Deng et al. (2015); O'Connell et al. (2014);

and open charging data charging data and simulators supply session Borenstein (2005); Lee et al. (2019, 2021);
distributions Vazquez-Canteli et al. (2019)

Mnih et al. (2015); Lillicrap et al. (2015);

Deep and multi-agent DON with replay and target networks; actor-critic Schulman et al. (2017); Sutton & Barto

reinforcement learning methods; non-stationarity of independent learners; (2018); Tan (1993); Busoniu et al. (2008);
centralised training with decentralised execution Lowe et al. (2017); Foerster et al. (2018);
(MADDPG, COMA, VDN, QMIX, MAPPO); seed and Sunehag et al. (2018); Rashid et al. (2018);
protocol sensitivity Yu et al. (2022); Henderson et al. (2018);

Agarwal et al. (2021)

Vazquez-Canteli & Nagy (2019); Yang et
al. (2020); Perera & Kamalaruban (2021);
Cao et al. (2020); Chen et al. (2022); Zhang
et al. (2020); Wan et al. (2019); Li et al.

Model-free DRL schedules charging against uncertain
prices; safe RL enforces constraints; multi-agent
learning coordinates stations and manages PV and

Reinforcement learning for
EV charging and power

systems R ° the field (2020); Sadeghianpourhamami et al.
storage; reviews map the hie (2020); da Silva et al. (2020); Shin et al.
(2020)
Saad et al. (2020); Tataria et al. (2021);
Letaief et al. (2019); Dang et al. (2020);
= illi 5 i ili
§G, URLLC, age of .Sub rpllhsecond latenc.y,. 10 rehab}hty anfi edge Zhang et al. (2019); Giordani et al. (2020);
information and V2X intelligence as the 6G vision; URLLC tails and risk; age . .
. . ) . . .2 ITU (2023); Bennis et al. (2018); Popovski et
of information links link quality to control quality; al. (2019); Kaul et al. (2012); Yates et al
5G/6G V2X roadmaps; smart-grid communication (2'021). 1/\Ioor- A-Rahim et/ al (2022):
requirements Castafieda Garcia et al. (2021); Gungor et
al. (2011); Reka et al. (2019); Hui et al.
(2020)
Renewable integration, . e Denholm & Hand (2011); Lund et al.
flexibility and distribution | 181 renewable shares need flexibility; the market g5\ "r 1inc ot al. (2018); Hirth (2013);
value of variable renewables falls with share; validated ;
networks X . X . R Pfenninger & Staffell (2016); Staffell &
PV and wind profiles; carbon intensity by region; Pfenninger (2016); EPA (2024); Farivar &
linearised branch-flow and test feeders; electrification Low (2013); Bararjl & Wu (198&)' Waite &
raises peaks and demand charges Modi (20205 ’
Decision  analytics and Bertsimas & Kallus (2020); Elmachtoub &

Prescriptive analytics connects models to decisions; . X
PV ayHe . . Grigas (2022); Hiillermeier & Waegeman
aleatoric vs epistemic uncertainty; risk recorded and

. . . (2021); Spiegelhalter (2017); Rudin (2019);
ettty value o nfermations . simalation 520l (00D Satell et al. (2010); Howard

ty; . s ! (1966); Law (2015); Sargent (2013); Mikalef
conventions; analytics capability etal. (2019)

interpretable learning

prices and demand charges as
testbed parameters with stated
ranges

IQL and VDN with three seeds,
held-out days, interval
estimates and a bound

Safety layer, communicated
state and team reward as
explicit design choices whose
value is measured

Communication as a modelled
layer (loss, delay, messages,
reserve eligibility) with a
measured value

PV self-consumption,
emissions and peak outcomes
across a scenario grid of
penetration, PV and volatility.

Probabilities of improvement,
value of connectivity, Sobol
indices and a readable
metamodel as the framework's
outputs
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R4, evaluation against a bound with seeds and held-out days: results must be reported as distributions
over seeds and days and compared with a perfect-information bound and with simple heuristics. R5,
decision outputs: probabilities of improvement, cost decompositions, break-even connectivity
premiums, Sobol indices and generalisation across conditions, so that the decision can be to deploy, to
upgrade connectivity, or to wait. R6, feedback and governance: measured fleet and grid outcomes must
return to the models, and the data provenance, safety constraints and decisions must be recorded. From
these, the framework (Figure 1) is designed as four layers: the physical layer, the 6G communication
and edge layer, the multi-agent learning layer and the decision, market and governance layer, with
feedback from governance to learning and from economics to the communication layer. Figure 2 shows
how information flows to the hub agents under each communication archetype and how centralised
training with a team value and decentralised execution fit together; the Methods give the models.

Figure 1: 6G-enabled V2G decision-analytics architecture: physical layer, 6G communication and
edge layer, multi-agent learning layer, and decision, market and governance layer, with feedback

loops
f ;‘; Substation transform Charging hubs: bidirectonal Renewables: Prices, carbon
= s wsmdw md:r ® n:; 11 KW chargers, EV fleets hubr-level PV, Intensity, demand
3 g buses, fine voltage model) (workplace, residental), state of feeder-evel wind, charge, reserve
gg H o aQ charge, departure 1argats base loads market
a 1 I T
g i 1  dadondesd o et value of ConNecIvity = = = = = = = ’
S ® Hub telemetry and Edge aggregator: slale Communication archetypes Reserve eligibility: last : .
E setpoints over 6G fusion, forecasts, feet compared:; AG-LTE (Joss 5% requency products 1 2
URLLC: sub-ms fiexibility messages setpoint delay 2096, no feet  HY require iatency and ! =)
s
§ b latency, 10°° loss, {lorced power, upldown messages) - 5G URLLC reliabilty that ondy ' 'i -
9 - message age < 0) capacity) panial - 6G URLLC + edge URLLC links meet ' S
; Hld =
& ‘ U meescccs e ———— re-train / re-Calibrate + = = = = = = = = - - - -1 |28
= r r ) Y4l .o
g’ Observation per hub agent (32 Saf 3 Independent DON (1QL, : I 8 =
features): time, own fleet need ylayer: Evg mndivdual reward) vs 1! @
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Three design choices distinguish the framework from a controller study. It treats communication as a
layer whose parameters have a value, so that the question "is 6G worth it?" has an answer in the
operator's units. It evaluates learning against a perfect-information bound and a heuristic with seeds
and held-out days, so that the gap to optimality and the variance of the result are reported, not hidden.
And it produces probabilities, decompositions and sensitivity indices rather than a single return, so
that the decision to deploy, to upgrade connectivity or to wait can be taken under uncertainty. The
evaluation that follows tests whether these outputs are informative on a testbed whose truth is known.

411



American Journal of Data Science and Analytics, January 2026, 405-441

Figure 2: Multi-agent learning schematic: feeder, hubs, edge aggregator and the information flows
to hub agents under 4G-LTE, 5G and 6G links, with centralised training and decentralised

execution
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Authar's representation of the simulation testbed, parameters in Tables 3-5
Methods
Study design

The study follows the design-science process of problem and requirements, design of the artefact,
evaluation and communication (Peffers et al., 2007; Hevner et al., 2004), with an artificial evaluation on
a simulation testbed, chosen because the framework's outputs (probabilities of improvement, the value
of connectivity, gaps to a bound) can only be checked where the truth is known (Venable et al., 2016;
Sonnenberg & vom Brocke, 2012). Figure 3 shows the design as a flowchart: a synthetic testbed and
three communication archetypes, an environment with a safety layer and reward components, training
of value-decomposition and independent agents with three seeds each, evaluation of five policies on
40 held-out days, verification, a communication-degradation sweep and a decomposition of the 6G
effect, a scenario grid, Monte Carlo economics with Sobol indices and a metamodel, and outputs. The
simulation follows the conventions of simulation studies (explicit assumptions, verification of
components, common random numbers (the same held-out days for every policy) (Law, 2015; Sargent,
2013)) and the reporting conventions urged for deep reinforcement learning: multiple seeds, interval
estimates, and comparison with simple baselines and a bound (Henderson et al., 2018; Agarwal et al.,
2021). It is implemented in Python with NumPy and SciPy (the networks are small NumPy multilayer
perceptrons trained by hand-written backpropagation), with SALib, LightGBM and scikit-learn for the
analysis (Harris et al., 2020; Virtanen et al., 2020; Herman & Usher, 2017; Ke et al., 2017; Pedregosa et
al., 2011), runs in about 50 minutes on two cores, and writes a results file from which every table and
figure is produced. No measured data from any grid, fleet or network were used.
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Figure 3: Study design as a flowchart: testbed and communication archetypes, environment,
training, evaluation on held-out days, verification, experiments, Monte Carlo economics and
metamodel, outputs
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Testbed: feeder, hubs, fleets, renewables and prices

Table 2 lists the testbed and Figure 4 shows an example day. The physical system is a radial feeder with
eight charging hubs behind a substation transformer rated at 1,200 kW, with a linearised voltage drop
along the feeder computed from the cumulative downstream flow (0.4% of rated flow per hub section,
limit 0.95 pu) in the manner of linearised branch-flow models (Farivar & Low, 2013); each hub has a
feeder connection limit of 320 kW. Each hub serves 25 vehicles with bidirectional 11 kW chargers at
93% efficiency in each direction, battery capacities of 40-80 kWh, arrival state of charge of 20-60%, a
departure target of 85%, and a lower limit of 30% for discharge; commercial hubs (even-numbered)
host workplace fleets arriving between 07:00 and 09:30 and leaving between 16:00 and 19:00, residential
hubs host fleets arriving between 15:00 and 19:30 and leaving between 03:00 and 05:45 the next
morning, in the ranges of the open workplace-charging data (Lee et al., 2019). The simulated day runs
from 06:00 to 06:00 in 96 steps of 15 minutes. Each hub has 150 kW of photovoltaics whose daily output
follows a clear-sky shape scaled by a cloudiness factor (0.3-1.0) with noise; the feeder has 400 kW of
wind with a first-order autoregressive profile; base loads peak at 90-150 kW per hub with commercial
(midday) and residential (evening) shapes (Pfenninger & Staffell, 2016; Staffell & Pfenninger, 2016). The
price follows a duck curve (10 ¢/kWh base, an evening peak of 28 ¢/kWh and a midday trough of 5
¢/kWh on sunny days, scaled by 0.8-1.3 per day with noise) and export is remunerated at half the price;
the carbon intensity of imports runs from 300 g/kWh at midday on sunny days to 520 g/kWh at night
(Borenstein, 2005; Hirth, 2013; EPA, 2024). A demand charge of 0.6 per kW of the daily peak import
(about 18 per kW-month) and a carbon price of 0.05 per kg complete the economics; battery degradation
is charged at 0.02 per kWh of throughput, in the range implied by the degradation literature (Xu et al.,
2018; Peterson et al., 2010); unmet energy at departure costs 0.6 per kWh; transformer overload is
charged at 0.4 per kWh above the rating and under-voltage at 20 per hundredth of a per-unit below the
limit per step; and fast reserve is paid at 0.012 per kW of symmetric headroom committed per 15-minute
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step (Kempton & Tomi¢, 2005b; Han et al., 2010).

Figure 4: Testbed example day: (a) base load, PV and wind, (b) price and carbon-intensity profiles,
(c) connected EVs per hub, (d) stylised communication archetypes
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Communication archetypes

Table 3 gives the three communication archetypes. They are stylised representations, not
measurements of any network. Under 4G-LTE, 5% of aggregator messages are lost in a step (the agent
keeps the last received message and its age of information grows, capped at eight steps), 20% of
setpoints are delayed by one step (the previous action is applied), the aggregator's fleet-flexibility
messages (the forced power and the upward and downward flexible capacity of the whole fleet) are
not available (only the substation measurement is), and the link does not qualify for fast reserve
products. Under 5G, loss is 1%, delay 3%, fleet messages are available and half of the reserve products
are eligible. Under 6G, loss is 0.1%, there is no delay, fleet messages are available and all reserve
products are eligible. The loss and delay values represent the orders of magnitude discussed in the
URLLC and 6G literature (Bennis et al., 2018; Popovski et al., 2019; Saad et al., 2020; ITU, 2023), the age-
of-information mechanism follows Kaul et al. and Yates et al. (Kaul et al., 2012; Yates et al., 2021), and
reserve eligibility represents the latency and reliability requirements of fast frequency products that
only URLLC links meet (Han et al., 2010; Noor-A-Rahim et al., 2022); all four parameters are varied in
the degradation sweep and the decomposition experiment.
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Table 2: Testbed: feeder and transformer, hubs and chargers, fleets, renewables and base loads,
prices, carbon, charges and penalties

Element Model Values (stylised) Basis
Radial feeder, 8 hub buses;

Feeder and substation transformer rating;

transformer linearised voltage drop from

cumulative downstream flow

8 hubs, each with a feeder- 25 EVs per hub (200 total); 11 kW

Rating 1,200 kW; 0.4% of rated flow Farivar & Low (2013);
per section (%3 at full flow); limit Baran & Wu (1989);
0.95 pu IEEE (2011)

i‘;?s ;r;d connection limit and chargers; efficiency 0.93 each way; 150 (20(2228;1;)% etal
& bidirectional chargers hub limit 320 kW
Workplace fleets at even hubs, = Capacity 40-80 kWh; arrival SOC
residential at odd hubs; uniform 20-60%; target 85%; V2G floor 30%; Lee et al. (2019);
Fleets arrival and departure windows; ~ workplace 07:00-09:30 to 16:00- Sadeghianpourhamami
arrival SOC; departure target; 19:00; residential 15:00-19:30 to et al. (2020)
V2G floor 03:00-05:45
Hub PV with clear-sky shape x .
daily cloudiness factor + noise; PV 150 kW per hub; cloudiness 0.3- Pfenninger & Staffell
Renewables . o . (2016); Staffell &
feeder wind with first-order 1.0; wind 400 kW .
. ) Pfenninger (2016)
autoregressive profile
Commercial (midday) and
Base loads residential (evening) shapes with Peak 90-150 kW per hub Author's stylisation
noise
Du.ck curve: base, evening peak, Base 10, peak 28, trough 5 ¢/kWh; .
Prices midday trough on sunny days; dailv scale 0.8-1.3: export at 50% of Borenstein (2005);
daily scale and noise; export at a y ’ .ri,ce P ° Hirth (2013)
fraction of the price P
Follows solar output: low at .
Carbon . . EPA (2024); Siler-Evans
intensity midday on sunny days, high at 300-520 g CO: /kWh etal. (2012)
night
Demand charge on the daily Kempton & Tomi¢
Charees and peak import; carbon price; 0.6 per kW of daily peak; 0.05 per (2005b); Xu et al.
ricef degradation per kWh of kg; 0.02 per kWh; 0.012 per kW per  (2018); Peterson et al.
P throughput; reserve payment on step (2010); Rennert et al.
symmetric headroom (2022)
. Unmet energy at departure; 0.6 per kWh unmet; 0.4 per kWh Author's stylisation;
Penalties transformer overload per kWh  overload; 20 per (pu x 100) below
. - IEEE (2018)
above rating; voltage below limit 0.95
. 15-minute steps over a 06:00- 9.6 stgps; 40 held-out test days;
Time validation days separate from test Law (2015)
06:00 day days

Environment: observations, safety layer, actions and rewards

Table 4 gives the environment. Each hub agent observes 32 features: the time of day (sine and cosine),
its own connected vehicles, energy need, mean laxity, forced power, flexible upward and downward
capacity, mean state of charge and vehicles departing within two hours; PV now and one hour ahead;
the price now, one and two hours ahead and the mean for the rest of the day; carbon intensity; the
aggregator message (net feeder load, fleet forced power, fleet upward and downward capacity) with
its age of information; the day's peak import so far; its own base load; and a hub identifier. A safety
layer precedes the agent: vehicles whose remaining time at maximum power is just enough to reach
their target are charged at the required rate regardless of the action, in the spirit of constrained and safe
reinforcement learning for EV charging (Li et al., 2020); the agent's action (one of five levels from -1 to
+1) sets the flexible remainder as a fraction of the hub's flexible charging capacity (positive) or discharge
capacity (negative), and the hub allocates charging to vehicles by least laxity first and discharging to
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vehicles with the highest state of charge and sufficient slack, within the hub's feeder limit. The team
reward per step is the negative of the system cost: energy cost at the price (export at half price), the
demand charge on any new daily peak (which sums over the day to the charge on the daily maximum),
carbon cost, degradation cost, the transformer-overload and voltage penalties, the unmet-energy cost
of vehicles departing in the step, less reserve revenue on the symmetric headroom that flexible vehicles
retain after dispatch, scaled by the link's eligibility. The individual reward for independent learning is
the hub's own energy cost, degradation, unmet energy and reserve, plus its share of the system
penalties and demand charge in proportion to its power.

Table 3: Communication archetypes (stylised): message loss, setpoint delay, fleet-flexibility
messages, reserve eligibility and the mechanisms they represent

Message loss Setpoint Fleet-flexibility Reserve = What it represents /

Archetype per step delay messages eligibility sources

Best-effort cellular
No (substation links; stale
4G-LTE 5% 20% measurement 0% aggregator view; no
only) fast-reserve
qualification

URLLC slices for
5G (URLLC 1% 39, Yes 509% part of the traffic;
partial) most reserve

products qualify

URLLC with edge
intelligence;
6G (URLLC + 01% 0% Yes 100% message age ~ 0; all
edge) f
ast-reserve
products qualify

Lost message: Fleet-flexibility = Share of fast Bennis et al‘. (2018);
agent keeps the Popovski et al.
. Delayed message: forced reserve
last received . (2019); Kaul et al.
setpoint: power, upward products the
. aggregator . . . (2012); Yates et al.
Mechanisms previous and downward link qualifies
message; age of : . ) . (2021); Han et al.
. ; action applied flexible capacity of for; revenue
information (2010); Noor-A-
foronestep  the whole fleet, scaled . .
grows by one net feeder load  accordingly Rahim et al. (2022);
step (cap 8) ITU (2023)

Learning agents, baselines and the bound

Table 5 gives the agents. Both learning policies use a shared multilayer perceptron (two hidden layers
of 64 rectified units) that maps a hub's observation, including its identifier, to action values, trained
with Double DON targets (Mnih et al., 2015) on three-step returns, a replay buffer of 80,000 transitions,
minibatches of 64 transitions (512 hub-rows) with two updates per environment step, a target network
updated every 500 steps, Adam at 5 x 10~ * , discount 0.98, Huber-clipped errors, and e-greedy
exploration decaying from 1.0 to 0.05 over 300 episodes. Two training-only devices make the small
network learn within the budget: a shaping term proportional to the square of the substation import
relative to the rating, which gives a dense signal for the daily peak that the demand charge rewards
only sparsely, and a constant per-step offset that centres returns near zero; neither is used at evaluation,
where policies are compared on the unshaped system cost. Independent Q-learning (IQL) trains each
hub's action value on its individual reward (Tan, 1993); the value-decomposition network (VDN) sums
the eight hubs' action values into a team value trained on the team reward, which is centralised training
with decentralised execution; each hub executes its own greedy action from its own observation
(Sunehag et al., 2018; Rashid et al., 2018). Each policy is trained for 500 episodes (days drawn from the
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testbed's distributions) with three seeds, and its learning curve records the greedy policy's mean cost
on six fixed validation days every 25 episodes; VDN is trained separately under each communication
archetype, IQL under 6G. Two baselines and a bound frame the comparison: uncontrolled charging
(every flexible vehicle charges at full rate from arrival), a time-of-use heuristic (charge at full rate when
the price is in the lowest 35% of the day or PV exceeds base load, hold otherwise, discharge flexible
vehicles when the price is in the top 15% and laxity allows, charge at half rate when laxity is low), and
a perfect-information linear programme that dispatches an aggregated energy envelope per hub
(Sortomme & El-Sharkawi, 2012; Mukherjee & Gupta, 2015) (summed vehicle energy between a lower
envelope (the latest trajectory that still meets each departure target) and an upper envelope (the
earliest), with exact energy at departure, transformer and hub limits, demand charge, degradation,
carbon and reserve) solved per day with HiGHS (Virtanen et al., 2020). The oracle knows every arrival,
departure, price and renewable profile in advance and relaxes vehicle-level constraints, so it is an upper
bound on achievable performance, not a policy.

Table 4: Environment model: observations, safety layer, action and allocation, power flow and
constraints, reward components, individual reward

Element Specification

Time of day (sine, cosine); own connected vehicles, energy need, mean laxity, forced
power, flexible upward and downward capacity, mean SOC, vehicles departing
Observation (32 features within 2 h; PV now and +1 h; price now, +1 h, +2 h and mean for the rest of the day;
per hub) carbon intensity; aggregator message (net feeder load, fleet forced power, fleet upward
and downward capacity) and its age of information; peak import so far; own base load;
hub identifier (one-hot)

Vehicles whose remaining steps at maximum power are just enough to reach the target
Safety layer (one-step margin) are charged at the required rate regardless of the action; the agent
controls only the flexible remainder

One of five levels (-1, —0.5, 0, +0.5, +1): fraction of the hub's flexible charging capacity
(positive) or discharge capacity (negative); the edge aggregator scales flexible charging
down when its (possibly stale) estimate of the substation import would exceed the
rating

Action

Forced vehicles at their forced rate; flexible charging by least laxity first; discharge by
Allocation within a hub highest SOC among vehicles with slack (laxity > 0.3) above the V2G floor; within the
hub feeder limit

Substation import = base loads + hub power — PV — wind; demand charge on the daily
peak; linearised voltage along the feeder; transformer overload and under-voltage
penalties

Power flow and
constraints

—(energy cost — export revenue + demand-charge increment + carbon cost +
degradation + overload and voltage penalties + unmet-energy cost of departing

Team reward (VDN) vehicles — reserve revenue); during training a shaping term w -(import/rating)? per
step rewards a flat import profile and a constant per-step offset centres returns near
zero (neither changes the ranking of policies at evaluation)

Own energy cost, degradation, unmet energy and reserve revenue, plus the hub's
Individual reward (IQL) share of the system penalties, carbon cost and demand-charge increment in proportion
to its absolute power

Symmetric headroom retained by flexible vehicles after dispatch, min(up, down) x 0.5,

Reserve paid per kW per step and scaled by the archetype's eligibility
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Table 5: Learning agents, baselines and the perfect-information bound: architecture, targets,
hyperparameters, training protocol, heuristic rules and oracle formulation

Policy Specification

Multilayer perceptron 32—64—64—5 (rectified units), hub identifier as input; Double
DON targets; 3-step returns; replay buffer of 80,000 transitions; minibatches of 64

Shared Q-network transitions (512 hub-rows), 2 updates per environment step; target network every 500
steps; Adam at 0.0005; discount 0.98; e-greedy from 1.0 to 0.05 over 300 episodes; Huber-
clipped errors; NumPy implementation with hand-written backpropagation

IQL (independent Each hub's action value trained on its individual reward; hubs share parameters but act
DQN) and learn independently (Tan, 1993)

Q_tot=2_1Q i(o_i, a_i) trained on the team reward; centralised training, decentralised
VDN-MARL execution; each hub executes the greedy action of its own Q_i (Sunehag et al., 2018;

Rashid et al., 2018)

500 episodes (days drawn from the testbed distributions) x 3 seeds; VDN trained
Training protocol separately under 4G, 5G and 6G links, IQL under 6G; learning curve = greedy cost on 6

fixed validation days every 25 episodes
Uncontrolled Every flexible vehicle charges at full rate from arrival (no aggregator projection)

Charge when the price is in the lowest 35% of the day or PV exceeds base load, at a rate
limited by the substation headroom reported in the (possibly stale) aggregator message;
discharge flexible vehicles when the price is in the top 15% and laxity exceeds 0.5; charge
low-laxity hubs at half rate; hold otherwise

Time-of-use heuristic

Perfect information on arrivals, departures, prices and renewables; dispatches an
aggregated energy envelope per hub between the latest and earliest feasible trajectories
LP oracle (bound) with exact energy at departure; transformer rating with priced overload slack, hub
limits, demand charge, degradation, carbon and reserve; solved per day with HiGHS
(Sortomme & El-Sharkawi, 2012; Mukherjee & Gupta, 2015; Virtanen et al., 2020)

Evaluation, experiments and economics

Table 6 lists the experiments and Table 7 summarises the methods. All policies are evaluated on the
same 40 held-out days (common random numbers) under each archetype; learned policies are pooled
over three seeds. Outcomes are the daily system cost and its components, the daily peak import,
transformer-overload steps and energy, voltage violations, unmet energy at departure, PV self-
consumption (PV used on the feeder divided by PV generated), export, emissions, degradation cost,
V2G discharge, reserve revenue and the mean age of information; paired differences against
uncontrolled charging give the probability of improvement over days . The communication-
degradation sweep evaluates the 6G-trained VDN policies under message loss of 0-30% and setpoint
delay of 0-50% without retraining; the decomposition experiment evaluates them under 6G links
without reserve, without fleet messages, with 4G loss only, with 4G delay only, and under 4G links
with full reserve, and compares with VDN retrained on 4G links, which separates the information
channel, the actuation channel and the market channel of the 6G effect. The scenario grid evaluates
uncontrolled, time-of-use, VDN-4G, VDN-6G and the oracle on 12 days per cell across EV penetration
(15, 25, 40 per hub), PV scale (0, 1, 2 x 150 kW per hub) and price volatility (baseline, doubled), without
retraining: a generalisation test. The Monte Carlo analysis draws 2,000 sets of economic inputs (price
scale (0.7-1.6), demand charge (0.3-1.0 per kW), carbon price (0-0.19 per kg) (Rennert et al., 2022; EPA,
2023), degradation cost (0.015-0.06 per kWh), reserve price (0.004-0.02 per kW-step), unmet-energy cost
(0.3-1.0 per kWh) and a connectivity premium of 6G over 4G of 0.5-10 per EV-month) and recomputes
the annual cost of each policy from its logged test-day trajectories (the policies are fixed, so this is a
valuation of recorded behaviour, not a re-optimisation), reporting the distribution of annual savings
per vehicle and the probability that the net value of 6G over 4G is positive; Sobol indices attribute the
variance of that net value to the inputs (Sobol', 2001; Saltelli et al., 2010; Herman & Usher, 2017; Iwanaga
et al., 2022). A gradient-boosting metamodel on the scenario grid crossed with sampled economics,
with a depth-3 tree as a readable summary, says which conditions make the saving per vehicle large
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(Ke et al., 2017; Friedman, 2001; Rudin, 2019; Molnar, 2025).

Table 6: Experiments: evaluation protocol, communication-degradation sweep, decomposition of
the 6G effect, scenario grid, Monte Carlo economics, Sobol and metamodel

Experiment Design Outputs

Daily cost and components, peak,
Evaluation on held- 40 test days (common random numbers) X overload, voltage, unmet energy,
out days 3 archetypes x 5 policies; learned policies PV  self-consumption, emissions,
pooled over 3 seeds; paired differences degradation, V2G energy, reserve
against uncontrolled charging revenue, age of information;
probability of improvement
Communication- VDN-6G policies evaluated without
degradation sweep retraining under message loss 0-30% and
setpoint delay 0-50% (11 settings) on 20 test
days

Cost, unmet energy, peak, overload
and age of information versus loss
and delay

Decomposition of the VDN-6G policies under 6G links without
6G effect reserve, without fleet messages, with 4G Shares of the 6G effect attributable
loss only, with 4G delay only, and under to the market, information and

4G links with full reserve; compared with actuation channels
VDN retrained on 4G

Scenario grid EV penetration (15, 25, 40 per hub) x PV
scale (0, 1, 2 x 150 kW per hub) x price Generalisation of the trained
volatility (baseline, doubled): 18 cells x 12 policies; savings and constraint
days; uncontrolled, time-of-use, VDN-4G, outcomes by condition
VDN-6G and oracle without retraining

Monte Carlo 2,000 draws of price scale, demand charge,

economics carbon price, degradation cost, reserve Distributions of annual savings per
price, unmet-energy cost and connectivity vehicle; probability that the net
premium; annual cost of each policy from value of 6G over 4G is positive
logged test-day trajectories (policies fixed)

Sobol indices and Saltelli sampling over the seven economic

metamodel inputs; LightGBM on the scenario grid First-order and total indices of the
crossed with sampled economics (60 draws net value of 6G; drivers of the
per cell), with a depth-3 tree as a readable saving per vehicle
summary

Verification

Verification checks were that the per-step energy balance closes (import minus export equals base load
plus hub power minus PV and wind), that the demand-charge increments sum to the charge on the
daily peak, that the oracle's linear programme is feasible on every held-out day and its dispatch respects
the envelopes, that validation learning curves fall and flatten within the training budget and that
trained policies beat uncontrolled charging on held-out days for every seed, that the safety layer holds
unmet energy to the irreducible minimum (vehicles whose sessions are too short to reach the target),
that policies trained under 6G degrade monotonically as loss and delay rise, and that the oracle's cost
lies below every policy's on every day (Sargent, 2013; Law, 2015). The code is organised so that the
testbed, the archetypes, the environment and the agents can be replaced independently.
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Table 7: Methods: testbed, archetypes, environment, agents, training, evaluation, experiments,
verification and software

Element Setting

Design-science research with an artificial evaluation on a simulation testbed
(Peffers et al., 2007; Venable et al., 2016)

Radial feeder, 8 hubs, 200 EVs, 1,200 kW transformer, hub PV and feeder wind,

Design

Testbed duck-curve prices, carbon intensity, demand charge, reserve market (Table 2)
" Three stylised archetypes (4G-LTE, 5G, 6G) by loss, delay, fleet messages and
Communication et . . .
reserve eligibility (Table 3); age of information mechanism
Environment 32-feature observations, safety layer, five-level actions, least-laxity allocation,
aggregator projection, linearised voltage, team and individual rewards (Table 4)
IQL and VDN with a shared Double-DQN network, n-step returns, replay and
Agents target network; uncontrolled and time-of-use baselines; perfect-information LP
oracle (Table 5)
Training SOQ episodes x 3 seeds per policy-archetype pair; greedy validation every 25
episodes
. 40 held-out days with common random numbers; paired comparisons; interval
Evaluation .
estimates over days and seeds
. Degradation sweep, decomposition of the 6G effect, scenario grid, Monte Carlo
Experiments

economics, Sobol indices, metamodel (Table 6)

Energy balance, demand-charge accounting, oracle feasibility and envelope
Verification compliance, learning-curve convergence, safety floor on unmet energy,
monotone degradation, bound below every policy

Python, NumPy, SciPy (HiGHS), SALib, LightGBM, scikit-learn; results file

Software . 2. . . .
results18.json and training_curves18.json; runtime 50 minutes on two cores

Results

Learning and policy behaviour

Figure 5 shows the learning curves and three policies on the first held-out day. Validation cost (the
greedy policy's mean on six fixed days) fell from 3,200-3,470 at the start of training to 2,775 (VDN under
4G), 2,547 (5G), 2,441 (6G) and 2,302 (IQL under 6G) at episode 500, with the best checkpoints 0.4-4%
lower, and the curves had flattened by episode 300-400 in every run; seeds differed by up to about 10%
of cost at the end of training, which is the spread the evaluation carries forward. The trajectories show
what the policies learned. Uncontrolled charging (Figure 5b) charges the workplace fleet at full rate as
it arrives between 07:00 and 09:30, lifting the substation import above the 1,200 kW rating during the
morning base-load rise, and charges the residential fleet from the moment it arrives into the evening
price peak; the VDN policy under 6G (Figure 5c) delays the morning charge into the midday
photovoltaic surplus, holds the residential fleet through the evening peak and charges it overnight at a
rate the aggregator's projection keeps under the rating, with some discharge at the price peak; the oracle
(Figure 5d) does the same with foresight, charging at a nearly constant rate that leaves the daily peak
at the base-load level and discharging briefly at the evening price maximum. The independent learner
(IQL) under 6G learned a different policy from VDN: it almost never discharges (3 kWh per day against
693 kWh for VDN) and instead holds the flexible vehicles in the state-of-charge window that earns the
reserve payment: a strategy that the individual reward, which credits each hub directly with its own
reserve revenue and degradation, makes easy to learn.
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Figure 5: Learning and behaviour: (a) validation learning curves of VDN under 4G, 5G and 6G
links and of IQL under 6G (mean and range over three seeds), (b) uncontrolled charging, (c) VDN-
MARL under 6G and (d) the LP oracle on the first held-out day
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Outcomes by policy and network

Table 8 and Figure 6 give the outcomes on the 40 held-out days under each archetype; Figure 7
decomposes the daily cost and gives the paired savings, and Table 9 gives the paired statistics with
seeds and the gap to the bound. Uncontrolled charging costs 3,426 per day (5th-95th percentile over
days 2,957-4,137), overloads the transformer on 6.5 steps per day with 208 kWh above the rating,
violates the voltage limit on 13 steps, and has a peak import of 1,407 kW against a rating of 1,200 kW;
its penalty component is 417 per day and its demand charge 844. Every other policy removes the
overload. Under 6G links the time-of-use heuristic costs 2,214 (-35.4%, probability of beating
uncontrolled charging on a given day 100%), VDN 2,158 (-37.0%), IQL 2,042 (-40.4%) and the oracle
1,573 (-54.1%). The learned policies therefore capture only part of the headroom between the heuristic
and the bound under 6G (9% of it for VDN and 27% for IQL): the gap to the bound is 40.8% of the
bound's cost for the heuristic, 37.2% for VDN and 29.8% for IQL. The components differ in instructive
ways. The heuristic reaches its saving by removing the overload and by discharging 916 kWh per day
at the price peak, at a degradation cost of 162; VDN discharges 693 kWh and earns 205 of reserve
revenue; IQL discharges almost nothing, earns 286 of reserve revenue, keeps degradation at the
uncontrolled level (117) and leaves only 1.9 kWh of unmet energy per day against 11-15 kWh for VDN
and the heuristic: the best user service of any policy short of the oracle. Photovoltaic self-consumption
rises from 92.6% under uncontrolled charging and 93.8% under the heuristic to 97.9-98.3% for the
learned policies and 99.1% for the oracle, and emissions fall from 5.13 t per day to 4.90-4.96 t for the
learned policies and 4.67 t for the oracle (the heuristic, which exports more and imports at night, emits
slightly more than uncontrolled charging at 5.23 t). Voltage violations fall from 13 steps per day to 3-7
for the learned policies under 6G and none for the oracle.

Two further outcomes matter to the people on either side of the controller. For the users, unmet energy
at departure is the service metric: uncontrolled charging never leaves a vehicle short, the oracle never
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does by construction, IQL leaves 1.9 kWh per day across 200 vehicles (0.03% of the 5,830 kWh it
delivers), VDN 11.3 kWh under 6G and 20.8 under 4G (0.2-0.3% of the energy delivered) and the
heuristic 14.5; these shortfalls cost 1-13 per day at the unmet-energy price, a small share of the saving,
but they are concentrated on vehicles with short sessions and would be visible to their drivers. For the
utility, the daily peak is the asset metric: uncontrolled charging peaks at 1,274-1,580 kW across the 40
days (5th-95th percentile), above the rating on most of them; the heuristic at 1,007-1,178; VDN under
6G at 917-1,243, with the upper tail touching the rating on the days with the largest residential fleets;
IQL at 905-1,200; and the oracle at 522-686, which shows how much of the peak is flexible when
departures are known in advance. The energy imported from the grid falls from 10,063 kWh per day
under uncontrolled charging to 9,582-9,720 for the learned policies and 9,296 for the oracle, and export
falls from 905 to 425-450 kWh, because the learned policies absorb the midday photovoltaic surplus
into the workplace fleet; the heuristic, which charges whenever the price is low or photovoltaics exceed
base load but discharges 916 kWh at the evening peak, imports slightly more than uncontrolled
charging and exports as much.

Table 8: Outcomes on 40 held-out days by policy and network: daily cost, energy cost, peak and
demand charge, emissions, degradation, unmet energy, overload and voltage steps, PV self-
consumption, V2G energy, reserve revenue and age of information

Daily cost, Peak kW/ Overload PV V2G kWh Mean
Policy, network mean (Sth-  Energy demand 0: Degradation / voltage self- /reserve Aol
! 95th over cost charge (kg) kWh steps use rev (steps)
days) 8 P (%) ' P
Uncontrolled, 4G-LTE 3426 (2,957~ 1,791 1,407/ 5,134 116.5 00 65/13.0 93 0/0 0.05
4,137) 844
Time-of-use heuristic, 2,358 (2,022- 1,085 /
AG-LTE 2,828) 1,230 651 5,206 162.0 127 0.0/92 94 927 /0  0.05
VDN-MARL, 4G-LTE 2497 (2,049~ 1,271 1126 / 5,061 176.1 208 03/99 98 1,091/0 0.05
3,115) 676
LP oracle (bound), 4G- 1,960 (1,623~
LTE 2,388) 1,161 684 /410 4,712 152.7 00 00/00 99 838 /0  0.00
3,426 (2,957~ 1,407 /
Uncontrolled, 5G 4,137) 1,791 844 5,134 116.5 00 65/13.0 93 0/0 0.01
Time-of-use heuristic, 2,288 (1,915~ 1,082 /
5G 2,761) 1,236 649 5,224 161.8 140 00/88 94 916 /74  0.01
VDN-MARL, 5G 2,289 (1,876~ 1,279 1,080/ 4,994 163.8 158 0.1/4.6 99 926 /95 0.01
2,836) 648
LP oracle (bound), 5G 1’77202(11 (’;;22_ 1,211 636 /382 4,685 137.1 00 00/00 99 478 /194 0.00
3,426 (2,957~ 1,407 /
Uncontrolled, 6G 4137) 1,791 844 5,134 116.5 00 65/13.0 93 0/0 0.00
Time-of-use heuristic, 2,214 (1,837- 1,082 /
6G 2,673) 1,237 649 5,228 161.9 145 00/88 94 916 /147 0.00
IQL (independent 2,042 (1,625- 1,016 /
DQN), 6G 2,688) 1,320 610 4,902 116.8 1.9 01/68 98 3/ 286 0.00
VDN-MARL, 6G 2,158 (1,744~ 1,298 1,065 / 4,960 150.6 113 02/33 98 693 /205 0.00
2,657) 639
LP oracle (bound), 6G 1’57230(;:12)18_ 1,260 598 /359 4,667 124.2 00 00/0.0 99 179 /403 0.00

422



American Journal of Data Science and Analytics, January 2026, 405-441

Figure 6: Outcomes by policy and network on the held-out days: (a) daily cost, (b) peak substation
import, (c) unmet energy at departure, (d) PV self-consumption
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Figure 7: (a) Decomposition of the daily cost into energy, demand charge, degradation, unmet
energy, penalties, carbon and reserve revenue for each policy; (b) paired savings against
uncontrolled charging with the probability of improvement
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Table 9: Paired comparison with uncontrolled charging on the held-out days: mean saving,
dispersion over days, probability of improvement, results by seed, gap to the oracle and annual
saving per vehicle at baseline economics

Mean daily saving SD over P(better than Annual saving

Policy, network Vs uncon.trolled days uncontrolled), Mean cost by seed orca;jlg t(g/o) per EV (ba.seline
(share of its cost) % economics)
Time-of-use, 6G 1,212 (35.4%) 174 100 n/a 40.8 2,212
IQL, 6G 1,385 (40.4%) 162 100 2,025 / 2,066 / 2,034 29.8 2,527
VDN, 4G-LTE 930 (27.1%) 153 100 2,418 / 2,522 / 2,550 27.4 1,697
VDN, 5G 1,137 (33.2%) 155 100 2,221 /2,318 / 2,327 29.3 2,076
VDN, 6G 1,268 (37.0%) 154 100 2,066 / 2,277 / 2,132 37.2 2,314
LP oracle, 6G 1,854 (54.1%) 155 100 n/a 0 3,383

The ordering of the learned policies across networks is the article's central result. Under 4G links VDN
costs 2,497 per day, 6% more than the heuristic's 2,358: without fleet-flexibility messages, with 5%
message loss and 20% delayed setpoints, and with no reserve eligibility, the learned policy over-
discharges (1,091 kWh per day), leaves 20.8 kWh of unmet energy and pays 108 in penalties, and a
capacity-aware heuristic does better. Under 5G the two are level (2,289 against 2,288). Under 6G the
learned policy is 2.5% better than the heuristic and IQL 7.8% better. The value of the network to the
learned policy is thus 339 per day between 4G and 6G (27.1% to 37.0% of the uncontrolled cost), against
144 per day for the heuristic (which gains only the reserve revenue the 6G link makes eligible) and 387
per day for the oracle. Across three seeds the VDN-6G policies cost 2,066, 2,277 and 2,132 and the IQL
policies 2,025, 2,066 and 2,034: two of the three VDN seeds and all three IQL seeds beat the heuristic
under 6G (on 39, 9 and 32 of the 40 days for VDN and 39, 34 and 37 for IQL), and no VDN seed did
under 4G (2,418-2,550 against 2,358, winning on at most 13 days).

The value of connectivity: degradation and decomposition

Table 10 and Figure 8(a, b) give the degradation sweep. Evaluated without retraining under rising
message loss, the 6G-trained VDN policies' cost rose from 2,184 (no loss, no delay, 20-day subset) to
2,193 at 5% loss, 2,217 at 20% and 2,246 at 30% (+2.8%), with the mean age of information rising to 0.42
steps, unmet energy from 10.8 to 15.1 kWh per day, the peak from 1,066 to 1,105 kW and overload steps
from 0.17 to 0.43 per day; the degradation is monotone in loss, as the verification checks require, but
small; the policies are robust to stale aggregator messages because the hub's own observation carries
most of what it needs. Setpoint delay alone had no measurable effect (2,185-2,189 at 10-50% delay),
because a one-step delay of a hub-level fraction changes little when the fraction itself changes slowly.
Table 11 and Figure 8(c, d) decompose the 6G effect by evaluating the 6G-trained policies under
modified links. Removing reserve eligibility alone raises the cost by 205 per day (the reserve revenue,
and 61% of the 338 difference between the 6G-trained and 4G-trained policies); removing the fleet-
flexibility messages alone raises it by 220 (65%), with the peak rising to 1,103 kW and penalties to 94
per day, because a policy trained to read the fleet's forced and flexible power misjudges the headroom
when those features are frozen; adding 4G loss alone (+6) or 4G delay alone (0) does almost nothing;
and 4G links with full reserve eligibility cost the same as 6G links without fleet messages (2,379). The
channels are not additive (the market and information channels together exceed the whole difference)
because the policy retrained under 4G recovers part of the loss by learning not to depend on the
messages. Figure 8(d) shows where the network changes the cost for the three VDN policies: reserve
revenue (0, 95, 205 per day under 4G, 5G, 6G), degradation (176, 164, 151), the demand charge (676, 648,
639), and penalties (108, 34, 21). The actuation channel (loss and delay at the 4G levels) is worth little in
this testbed; the market channel and the information channel are worth 200-220 per day each, and most
of the information channel's value is the ability to use the fleet-flexibility message the edge aggregator
provides.
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Table 10: Communication-degradation sweep: cost, unmet energy, peak, overload steps and age of
information of the 6G-trained VDN policies under message loss of 0-30% and setpoint delay of 0-
50%

Change vs no

Message Setpoint Daily cost, Unmet Overload Mean Aol
lossg d(f.)lay mear}: (SD) loss, g(/z)delay kWh Pealc kW steps (steps)
0% 0% 2,184 (282) +0.0 10.8 1,066 0.2 0.00
1% 0% 2,190 (286) +0.3 114 1,071 0.2 0.01
5% 0% 2,193 (287) +0.4 12.7 1,073 0.1 0.05
10% 0% 2,194 (289) +0.5 11.7 1,069 0.2 0.11
20% 0% 2,217 (284) +1.5 14.1 1,086 0.3 0.24
30% 0% 2,246 (311) +2.8 15.1 1,105 0.4 0.42
0% 10% 2,186 (279) +0.1 11.2 1,068 0.2 0.00
0% 30% 2,185 (287) +0.1 9.7 1,063 0.2 0.00
0% 50% 2,189 (283) +0.2 10.2 1,067 0.1 0.00
10% 20% 2,200 (289) +0.7 104 1,075 0.2 0.11
20% 40% 2,211 (289) +1.2 9.6 1,077 0.2 0.24

Table 11: Decomposition of the 6G effect: 6G-trained VDN policies under 6G links without
reserve, without fleet messages, with 4G loss only, with 4G delay only, under 4G links with full
reserve, and VDN retrained on 4G

Change vs Share of the

Condition (VDN-6G policies unless  Daily & 6G-4G Reserve  Unmet
6G . Peak kW
stated) cost difference revenue kWh
reference
(%)

VDN trained and evaluated under 6G 2158 0 n/a 205.5 113 1,065
(reference)
6G links, no reserve eligibility 2364 1205 61 0.0 113 1,065
(market channel removed)
QG links, no fleet-flexibility messages 2378 +220 65 1783 10.0 1103
(information channel removed)
6G links with 4G message loss (5%) 2,164 +6 2 205.5 12.9 1,068
6G links with 4G setpoint delay (20%) 2,158 +0 0 204.4 10.6 1,064
4G links (loss, delay, no fleet
messages) with full reserve eligibility 2,379 221 65 1781 10.2 1,105
VDN retrained and evaluated under 2497 1338 100 0.0 0.8 1126

4G-LTE
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Figure 8: The value of connectivity: (a) cost of the 6G-trained VDN policy under message loss and
setpoint delay, (b) service and grid effects of message loss, (c) decomposition of the 6G effect into
market, information and actuation channels, (d) cost components by network
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Generalisation across penetration, renewables and prices

Table 12 and Figure 9 give the 18-cell scenario grid, on which the policies trained at 25 vehicles per hub,
one unit of photovoltaics and baseline volatility were evaluated without retraining. Three patterns
stand out. First, with photovoltaics present the VDN-6G policy beat the heuristic in ten of the twelve
cells (by 9-13% at 15 vehicles per hub, 1-4% at 25 and 4-20% at 40) and lost to it by about 2% in two
cells with doubled volatility; the saving against uncontrolled charging rose with photovoltaic scale (at
25 vehicles per hub and baseline volatility: 27% at no photovoltaics, 36% at one unit, 42% at two) and
with price volatility, because midday surplus and a sharper evening peak are what a flexible fleet can
exploit. Second, without photovoltaics the learned policy generalised poorly: at 25 and 40 vehicles per
hub the heuristic cost 2,917 and 4,405 against 3,077 and 5,232 for VDN-6G, and the VDN-4G policy was
worse still; a policy that learned to wait for a midday surplus waits in vain when there is none, which
is the known brittleness of learned controllers outside their training distribution and an argument for
retraining or for a heuristic fallback when conditions change. Third, at 40 vehicles per hub (a fleet 60%
larger than the training fleet) every policy except the oracle overloaded the transformer (VDN-6G on
5-16 steps per day against 12-24 for uncontrolled charging), and the oracle's advantage widened to 60-
73% of the uncontrolled cost: the testbed at that penetration needs a transformer upgrade or a tighter
controller, and the framework reports both. Photovoltaic self-consumption under VDN-6G fell from
94-98% at one unit of photovoltaics to 64-86% at two, rising with the number of vehicles (64% at 15 per
hub, 80-86% at 40 at two units), which quantifies how fleet size sets the renewable share a feeder can
absorb.
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Table 12: Scenario grid: daily cost of uncontrolled charging, the time-of-use heuristic, VDN-4G,
VDN-6G and the oracle, VDN-6G savings, unmet energy, overload steps and PV self-consumption
across EV penetration, PV scale and price volatility (12 days per cell, policies not retrained)

EVs VDN-6G  6G over 4G Vlglli;gtc VDN-
per PV PriFe. Uncontrolled Time- VDN- VDN- Oracle saving vs (% of KWh / 6G PV
hub scale volatility of-use 4G 6G uncontrolled uncontrolled overload self-use
(%) cost) steps (%)
15 0  baseline 2,815 2,436 2,525 2413 1,966 14.3 4.0 6/00 0
15 0  doubled 3,161 2,608 2,751 2,639 27113 16.5 3.5 4/00
15 1  baseline 2,230 1,866 1,808 1,703 1,297 23.7 47 9/00 94
15 1  doubled 2,316 1,846 1,774 1,669 1,236 28.0 4.6 9/00 94
15 2 baseline 1,732 1,393 1,305 1,218 807 29.7 5.0 7/0.0 64
15 2 doubled 1,864 1,422 1,367 1,278 834 314 4.8 8/00 65
25 0  baseline 4,201 2917 3,243 3,077 2,301 26.7 3.9 7/05 0
25 0 doubled 4,382 2,890 3,253 3,096 2,258 294 3.6 6/0.1
25 1  baseline 3,441 2,227 2,532 2189 1,595 36.4 10.0 12/02 95
25 1  doubled 3,676 2,276 2,617 2316 1,651 37.0 8.2 14 /0.0 97
25 2 baseline 2,797 1,687 1914 1,619 1,027 421 10.6 9/0.0 70
25 2 doubled 2,984 1,694 1950 1,675 1,057 43.9 9.2 9/01 70
40 0  Dbaseline 6,702 4,405 5419 5232 2,672 219 2.8 11 /142
40 0  doubled 7,090 4504 559 5480 2,655 227 1.6 11/ 15.6 0
40 1  Dbaseline 5,419 4,002 4,497 3,843 1,882 291 121 15/7.0 97
40 1  doubled 5,699 3949 4559 4,038 1,945 29.1 9.1 13/72 98
40 2 baseline 4,649 3,386 3,725 2,702 1,238 419 22.0 19/51 80
40 2 doubled 5,502 3,742 4299 3,146 1,636 428 21.0 22/52 85

Figure 9: Generalisation across the scenario grid: (a) cost by EV penetration, (b) cost by PV scale, (c)
PV self-consumption by PV scale and penetration, (d) savings against uncontrolled charging in all

18 cells
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Economics under uncertainty

Table 13 and Figure 10 give the Monte Carlo economics, which revalue the logged test-day trajectories
of fixed policies under 2,000 draws of prices, charges and costs. At baseline-year economics the VDN-
6G policy saves 1,824 per vehicle per year against uncontrolled charging (5th-95th percentile 1,336-
2,293), the VDN-4G policy 1,211 (828-1,613) and the heuristic 1,583 (1,165-1,992); the gross value of 6G
over 4G connectivity to the learned policy is 613 per vehicle-year (312-911), and after a connectivity
premium of 0.5-10 per vehicle-month the net value is 552 (246-859), positive in 100% of draws. Read
as a break-even, the gross value of 613 per vehicle-year is a premium of 51 per vehicle-month, or 26 at
the 5th percentile, against the 1.5-10 per vehicle-month assumed for the difference between 6G and 4G
service; the margin is wide on the testbed, and it would close only if the reserve market that supplies
most of the value were unavailable. These are large numbers because the testbed's uncontrolled
baseline overloads a transformer and the feeder has a strong duck curve; the ranking, not the
magnitude, is the finding. Sobol indices attribute 87% of the variance of the net value of 6G to the
reserve price, 6% to the degradation cost and 3% to the connectivity premium, with price scale, demand
charge, carbon price and unmet-energy cost contributing 2% or less each: in this testbed the decision to
buy 6G connectivity for V2G coordination is a decision about the reserve market. Figure 11 adds the
emissions, V2G activity, reserve and degradation comparison and the metamodel. The metamodel of
the saving per vehicle across the scenario grid crossed with sampled economics (Table 14, which also
records the training statistics of the learned policies) attributes 34% of its variance to photovoltaic scale,
23% to price scale, 18% to price volatility, 17% to vehicles per hub and 8% to the demand charge; its
depth-3 tree reads: with photovoltaics, high volatility and prices above baseline the saving is about
1,990 per vehicle-year, with photovoltaics and baseline volatility 1,330-1,640, and without
photovoltaics at high penetration and low prices 940; the conditions under which a fleet operator
should expect the most and the least from learned coordination.

Table 13: Monte Carlo economics over 2,000 draws: annual savings per vehicle of the heuristic,
VDN-4G and VDN-6G against uncontrolled charging, gross and net value of 6G over 4G, input
ranges and Sobol indices

Quant.lty (per EV per year, Mean Median 5th-95th percentile P(>0),
baseline-year economics) %

Time-of-use vs uncontrolled 1,583 1,576 1,165-1,992 100
VDN-4G vs uncontrolled 1,211 1,202 828-1,613 100
VDN-6G vs uncontrolled 1,824 1,831 1,336-2,293 100
VDN-6G vs yDN—4G (gross value 613 616 312-911 100
of connectivity)
Net Vah.le. of 6G over 4G after the 550 559 246-859 100
connectivity premium

Price scale 0.7-1.6 (mode

1.0); demand charge 0:3— Reserve 0.004-0.02 Co-nnectwlty

1.0 per kW; carbon price premium: 6G 2-12
Inputs (ranges) per kW-step; unmet * . n=2,000

0-0.19 per kg (mode 03-1.0 por kW minus 4G 0.5-3 per
0.05); degradation 0.015- " P EV-month
0.06 per kWh
reserve price: 0.87 / demand charge:
.. 0.87; degradation cost:  0.02 / 0.02; carbon 2,304 evaluations;
Egb(oslllr}dsl%e)s of the net value of 0.06 / 0.06; 6G price: 0.00 / 0.00; mean net value 544 100
premium: 0.03 / 0.03; unmet-energy cost: per EV-year
price scale: 0.02 / 0.02 0.00 / 0.00
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Figure 10: Economics under uncertainty: (a) annual savings per vehicle against uncontrolled
charging, (b) gross and net value of 6G over 4G connectivity, (c) Sobol indices of the net value of

6G, (d) summary with the probability of positive value
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Table 14: Metamodel of the saving per vehicle (importance and depth-3 rules) and training
statistics of the learned policies (validation cost by stage, seeds, training time)

Item Statistics Detail
Gain importance: PV scale 34%; price
Metamodel n = 1,080; training R? = 1.00; mean saving 1,553 scale 23%; price volatility 18%; EVs per
(LightGBM) per EV-year hub 17%; demand charge 8%; carbon
price 0%

PV scale < 0.50 & EVs per hub < 32.50
& price volatility <1.50 — 1,204; PV
scale < 0.50 & EVs per hub < 32.50 &

price volatility > 1.50 — 1,599; PV
scale < 0.50 & EVs per hub > 32.50 &

price scale <1.17 — 936; PV scale <

0.50 & EVs per hub > 32.50 & price
scale > 1.17 — 1,176; PV scale > 0.50

Depth-3 tree (rules) Leaf values = saving per EV-year & price volatility < 1.50 & EVs per hub
<32.50 — 1,635; PV scale > 0.50 &
price volatility < 1.50 & EVs per hub >
32.50 — 1,332; PV scale > 0.50 & price
volatility > 1.50 & price scale <1.02 —
1,617; PV scale > 0.50 & price volatility
> 1.50 & price scale > 1.02 — 1,987
VDN, 4G-LTE Validation cost: first log 3,468 — last 2,775 (best  Training time 6 min / 7 min / 6 min
training 2,656); 500 episodes x 3 seeds per seed
. Validation cost: first log 3,458 — last 2,547 (best = Training time 7 min / 6 min / 6 min
VDN, 5G training 2,536); 500 episodes x 3 seeds per seed
. Validation cost: first log 3,432 — last 2,441 (best Training time 6 min / 6 min / 6 min
VDN, 6G training 2,366); 500 episodes x 3 seeds per seed
. Validation cost: first log 3,186 — last 2,302 (best = Training time 6 min / 6 min / 6 min
1QL, 6G training 2,256); 500 episodes x 3 seeds per seed
Verification

The energy balance closed on every step of every evaluated day; the demand-charge increments
summed to the charge on the daily peak; the oracle's linear programme was feasible on all 40 held-out
days and all 216 grid days and its dispatch respected the envelopes; the validation curves fell and
flattened within the budget; every seed of every learned policy beat uncontrolled charging on every
held-out day; unmet energy under the learned policies (1.9-20.8 kWh per day) stayed within the range
the safety layer permits (the oracle, with relaxed vehicle constraints, reaches zero); the 6G-trained
policies degraded monotonically with message loss; and the oracle's cost lay below every policy's on
every day. The run took 50 minutes on two cores, of which training was 12 x 6 minutes.

Discussion

Answers to the research questions

RQ1 asked what a decision framework for connected V2G control requires. The literature yields six
requirements (binding constraints, communication as a modelled layer, learning with safety and
coordination, evaluation against a bound with seeds and held-out days, decision outputs as
probabilities and attributions, and feedback with governance) and the four-layer framework of Figure
1 meets them; the testbed shows the outputs each requirement produces. RQ2 asked how the policies
compare. On the testbed every coordinated policy removed the transformer overload that uncontrolled
charging causes; the learned policies beat a capacity-aware heuristic only when the network gave them
fleet-flexibility messages and reserve eligibility (level under 5G, 2.5-7.8% better under 6G, 6% worse
under 4G); the independent learner with individual rewards did better than value decomposition at
this budget by learning a low-degradation, reserve-earning policy with the best user service; and the
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perfect-information bound stayed 30-41% below the learned and heuristic policies, which is the
headroom a better learner would pursue. RQ3 asked what the communication layer is worth. The value
of 6G over 4G to the learned policy was 339 per day on the testbed (613 per vehicle-year gross, 552 net
after the premium, positive in all economic draws), decomposed into a market channel (reserve
eligibility, 205 per day) and an information channel (fleet-flexibility messages, 220 per day) that
overlap, with the actuation channel (loss and delay at 4G levels) worth little; the policies were robust
to message loss up to 30% (+2.8% cost); and the reserve price explained 87% of the variance of the net
value. RQ4 asked how the results generalise. Savings rose with photovoltaic scale and price volatility
and fell at high penetration, where the transformer binds for every policy but the oracle; the learned
policy failed to generalise to a feeder without photovoltaics; and the metamodel's rules say where to
expect 940 and where 1,990 per vehicle-year.

What managed charging alone achieves, and what learning adds

The savings against uncontrolled charging are large (27-40% of daily cost) and most of that is not
learning. The uncontrolled baseline overloads the transformer because the morning workplace arrivals
charge together on top of the base-load rise, and any managed-charging architecture with the
aggregator's grid-safe projection removes the overload and its 417 per day of penalties; the capacity-
aware heuristic, which uses the same projection and the same fleet messages, reaches 35% on its own.
The increment that learning adds is 2.5% (VDN) to 7.8% (IQL) of the uncontrolled cost under 6G,
nothing under 5G and a loss under 4G, and it comes from three behaviours the heuristic does not have:
holding vehicles in the state-of-charge window that earns reserve revenue instead of discharging them
at the price peak, timing the workplace charge to the photovoltaic surplus rather than to a price
threshold, and spreading the overnight residential charge so that the peak stays near the base-load
level. An operator reading the framework's outputs should therefore separate the two decisions:
whether to manage charging at all, which the testbed answers with the overload and the demand
charge, and whether to learn the management policy, which the testbed answers with the network-
dependent increment over the heuristic and the much larger gap to the bound. The second decision is
the one that depends on connectivity.

Why independent learning did as well as it did

The result that IQL matched or beat VDN deserves comment, because value decomposition is the
method the MARL literature recommends for cooperative tasks (Sunehag et al., 2018; Rashid et al.,
2018). Three features of the testbed explain it. The aggregator's grid-safe projection handles the one
hard coupling constraint (the transformer rating) at execution time, so the hubs do not have to learn to
coordinate their charging to avoid overload; the individual reward gives each hub a dense, low-
variance signal for the two components that matter most under 6G, reserve revenue and degradation,
whereas the team reward spreads credit for them over eight hubs; and the demand charge, the one
component that needs coordination, is shared pro rata in the individual reward. Independent learning
is known to be a strong baseline when the coupling is weak or handled elsewhere (Tan, 1993;
Hernandez-Leal et al., 2019; Oroojlooy & Hajinezhad, 2023), and the finding is a reminder that the
architecture of the controller (where constraints are enforced and how rewards are attributed) can
matter more than the choice of learning algorithm. It is also a result at a particular budget: with 500
episodes and small networks, the harder credit-assignment problem of VDN may simply need more
training, and the framework reports the bound so that the reader can see how much either learner left.
What the decomposition says about the communication layer

The decomposition separates three things that the 6G literature tends to present together. The link's
loss and delay (the quantities that URLLC targets improve by orders of magnitude) were worth little
to this controller at the 4G levels: 5% loss and 20% delayed setpoints on 15-minute hub-level fractions
cost 6 per day and nothing respectively, and the sweep found only 2.8% at 30% loss. What was worth
200-220 per day each was the market eligibility that the link's reliability confers and the information
that the edge aggregator computes and distributes (the fleet's forced and flexible power) which is a
function of the edge layer rather than of the radio. The conclusion for the design of a 6G-enabled V2G
system is that the edge aggregator's messages and the reserve qualification are the deliverables, and
the link's reliability is their precondition: a 4G link with an edge aggregator and reserve eligibility
would, on this testbed, deliver most of the 6G value (the 4G-links-with-full-reserve condition cost 2,379,
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between the 6G and 4G policies), whereas a 6G link without them would deliver little. This is consistent
with the age-of-information view that what matters is the freshness of the information the controller
uses, not the latency of the channel as such (Kaul et al., 2012; Yates et al., 2021), and with the V2X
roadmap's emphasis on edge intelligence as the enabler of 6G applications (Noor-A-Rahim et al., 2022;
Saad et al., 2020). It is also a caution: a controller that depends on edge messages is only as available as
the edge, and the sweep shows that the policy trained with fresh messages degrades gracefully when
they are stale but (in the decomposition) sharply when they are absent.

Implications for operators, utilities and aggregators

Three implications follow for practice. First, the decision about connectivity is a decision about markets
as much as about control. In the testbed the largest single component of the 6G effect is reserve
eligibility (the market channel) and that channel is a property of how system operators qualify
flexibility products, not of the radio interface alone; an operator considering a connectivity upgrade
should establish which products its fleet could qualify for under each link and at what price before
buying the link, in the manner of Kempton and Tomi¢'s original argument that reserves, not energy,
repay V2G (Kempton & Tomié¢, 2005b; Han et al., 2010). Second, the information channel (fleet-
flexibility messages from an edge aggregator) is worth as much as the market channel to a learned
policy, and a policy trained with that information misbehaves without it; a fleet operator who deploys
a learned controller should therefore budget for the monitoring of message age and for a fallback (the
time-of-use heuristic in the roadmap of Figure 12) when the link degrades, as the age-of-information
literature suggests (Kaul et al., 2012; Yates et al., 2021). Third, the gap between the learned policies and
the perfect-information bound is the largest number in the study, and it is a statement about the learner
and the budget, not about 6G: a better learner (QMIX, MAPPO, larger networks, longer training,
curricula from the heuristic) would move the learned policies toward the bound and raise the value of
every channel (Rashid et al., 2018; Yu et al., 2022; Dulac-Arnold et al., 2021), which is why the
framework reports the bound at all; it tells the decision-maker how much of the prize the current
controller leaves on the table.

Implications for standards, regulation and governance

The results connect to four standards and regulatory threads. ISO 15118-20 makes bidirectional sessions
and scheduling negotiable between vehicle and charger, which is the interface through which the hub-
level setpoints of this study would reach vehicles (ISO, 2022); IEEE 1547-2018 sets the interconnection
and ride-through behaviour that any V2G discharge must respect (IEEE, 2018); IEEE C57.91 provides
the transformer-loading guide against which the overload penalties of the testbed would be replaced
by a thermal-ageing model in practice (IEEE, 2011); and the ITU-R framework for IMT-2030 defines the
capabilities (hyper-reliable low-latency communication among them) that the 6G archetype stylises
(ITU, 2023). The regulatory thread is reserve qualification: fast frequency products with latency and
reliability requirements that only URLLC links meet are the mechanism by which connectivity acquires
market value in this study (Han et al., 2010; Noor-A-Rahim et al., 2022), and whether such products are
open to aggregated vehicle fleets is a decision for system operators and regulators. Governance of a
learned controller needs a record: the data provenance (which telemetry, at what age), the safety
constraints that bound the agent's actions, the seeds and held-out days on which it was evaluated, the
conditions under which it was trained (the grid showed what happens outside them), and the measured
outcomes that return to retraining (the governance lane of Figure 1 and Phase 4 of Figure 12) in line
with the design-science and risk-management conventions the framework draws on (Gregor & Hevner,
2013; ISO, 2018; Rudin, 2019). Figure 12 sets out the implementation as four phases (data and
connectivity, learn and validate, deploy with safety, scale and govern) with the governance and
enablers each needs.

Implications for analytics practice

The study illustrates five analytics practices for learned controllers. Evaluate against a bound and a
heuristic, with seeds and held-out days, and report distributions over days rather than point estimates:
that every seed of the learned policy beat the heuristic under 6G and none under 4G carries more
decision content than a mean (Henderson et al., 2018; Agarwal et al., 2021; Spiegelhalter, 2017). Model
the communication layer explicitly, so that connectivity has a value that can be decomposed into
channels and tested for degradation (Bennis et al., 2018; Kaul et al., 2012). Separate the learning
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problem's reward from the decision's economics: the policies are trained on a fixed reward and then
valued across 2,000 economic scenarios, which is what lets the Monte Carlo analysis state a probability
that the connectivity premium pays without retraining the agents (Bertsimas & Kallus, 2020;
Elmachtoub & Grigas, 2022). Attribute the variance of the decision quantity to its inputs with Sobol
indices and summarise the scenario grid with an interpretable metamodel, so that the operator knows
which uncertainties to buy down (the reserve price) and which conditions to seek (photovoltaics and
volatility) (Sobol', 2001; Saltelli et al., 2010; Rudin, 2019). And keep the simulation honest with
verification checks, common random numbers, a generalisation test outside the training distribution
and a results file from which every table and figure is produced (Law, 2015; Sargent, 2013). These
practices are the analytics counterpart of the engineering content; they are what turns a reinforcement-
learning result into a decision.

Figure 12: Implementation roadmap for 6G-enabled V2G coordination: four phases from data and
connectivity through learning and validation and deployment with safety to scaling and
governance, with the governance bodies and enablers
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Limitations

Table 15 lists the assumptions and their likely effects. The testbed is stylised throughout: no measured
sessions, loads, prices, renewable profiles or network measurements were used, so absolute costs and
savings describe the testbed only (the large savings against uncontrolled charging follow from a
baseline that overloads a transformer and from a strong duck curve) and relative orderings (learned
policies between the heuristic and the bound under 6G, the 6G effect split between market and
information channels, savings rising with photovoltaics and volatility) are the findings to carry away,
and even those depend on ranges that an operator should replace with its own data. The
communication archetypes are representations of orders of magnitude from the URLLC and 6G
literature, not measurements of any network, and the value of connectivity is as sensitive to the reserve-
eligibility and reserve-price assumptions as the decomposition and the Sobol indices show. The
learners are small NumPy networks trained for 500 episodes with three seeds on two cores; their
validation curves had flattened but not converged to the bound, so the reported policies are
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undertrained relative to what the literature's larger methods achieve, and the gap to the bound
overstates what a tuned learner would leave. Hub-level actions with a heuristic allocation inside the
hub lose vehicle-level optimisation, while the oracle relaxes to aggregated envelopes, so the bound is
loose in the other direction. The learned policies did not generalise to a feeder without photovoltaics,
and the grid did not retrain them. Degradation is a constant cost per kWh of throughput; reserve is
paid on retained headroom without activation; the economics are in baseline-year terms without
discounting or capital cost; and users are assumed to accept the departure targets and V2G floors as
stated. The evaluation protocol (40 days, three seeds, 12 days per grid cell) leaves interval estimates
wide, and differences of a few per cent between policies (VDN against the heuristic under 5G, for
instance) are not resolved.

Table 15: Assumptions and limitations, their likely effect on the results and how to test them with

real data

Assumption or limitation

Likely effect on results

How to test with real data

Stylised testbed: no
measured loads, prices,
sessions or renewables

Communication archetypes
are representations, not
measurements

Small MARL at modest
training budgets (NumPy
MLP, 500 episodes, 3 seeds)

Hub-level actions with
heuristic allocation inside the
hub

Linearised voltage and
single-transformer feeder

Degradation as a constant
cost per kWh of throughput

Reserve paid on retained
headroom without activation

Economics in baseline-year
terms without discounting or
capital costs

Users assumed to accept V2G
and departure targets as
stated

Evaluation protocol: 40 days,
3 seeds, 12 days per grid cell

Absolute costs and savings describe
the testbed only; relative orderings are
more robust than magnitudes

The value of connectivity depends on
the loss, delay and eligibility values
assumed; the sweep bounds the
sensitivity
Learned policies may be far from the
achievable optimum; the gap to the
oracle overstates what a tuned learner
would leave

Loses vehicle-level optimisation; the
oracle relaxes to aggregated envelopes,
so the bound is loose in the other
direction

Voltage violations are rare and
penalties small; feeder losses are not
modelled

Ignores SOC-window and temperature
effects that can raise or lower V2G cost

Reserve revenue is an upper bound on
what activation would allow

Net value of 6G compares operating
savings with a connectivity premium
only
User disutility, opt-outs and plug-in
rates would reduce the available
flexibility
Interval estimates are wide; small
differences between policies are not
resolved

Replace generators with ACN-Data-
style sessions, metered base loads,
market prices and reanalysis PV /wind
for the target feeder

Measure latency, loss and message age
per hub; obtain reserve-qualification
rules from the system operator

Larger networks, longer training,
QMIX/MAPPO, curriculum from the
heuristic; report seeds and bounds

Vehicle-level agents or a hub-level LP

inside the hub; tighter bound from a full

MILP on small days

Power-flow tool (pandapower,
MATPOWER) on a test feeder;
transformer thermal ageing (IEEE
C57.91)

Cycle-ageing model from the
degradation literature calibrated to the
fleet's chemistry

Model activation events and their
energy effects; market data on clearing
prices
Life-cycle costing with charger,
communication and platform capital;
discount rate

Consent and incentive design; measured

plug-in and opt-out rates

More days and seeds; paired bootstrap;

performance profiles
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Further research

Five directions follow. First, calibration to a real feeder and fleet: ACN-Data-style sessions, metered
base loads, market prices and reanalysis renewable profiles would replace the generators, and a power-
flow tool on a test feeder would replace the linearised voltage model (Lee et al., 2019; Thurner et al.,
2018). Second, stronger learners under the same evaluation protocol (QMIX, MAPPO, continuous
actions, curricula from the heuristic, longer training, and training across the scenario grid so that
policies generalise) to close the gap to the bound and to test whether the value of connectivity rises
with the learner's capability (Rashid et al., 2018; Yu et al., 2022; Lowe et al., 2017). Third, a richer
communication model: measured latency and loss distributions, queueing at the edge, federated or
decentralised training over the wireless network, and integrated sensing, which the 6G literature
anticipates (Chen et al., 2021; Park et al., 2019; Saad et al., 2020). Fourth, markets: activation of reserves
with its energy effects, bidding under uncertainty, and the interaction of many aggregators on one
feeder (Vagropoulos & Bakirtzis, 2013; Sortomme & El-Sharkawi, 2012). Fifth, people: plug-in
behaviour, consent, incentives and the social dimensions of a V2G transition, which bound the
flexibility that any controller can use (Sovacool et al., 2018; Noel et al., 2019). Each would use the same
framework; only the layer would change.

Conclusion

This article asked what a decision-analytics framework for 6G-enabled multi-agent reinforcement
learning in V2G coordination should contain, and what it says on a transparent testbed. The framework
has four layers (physical, communication and edge, multi-agent learning, and decision, market and
governance) and meets six requirements drawn from the V2G, charging-coordination, MARL, 6G and
analytics literatures: constraints that bind, communication as a modelled layer with a value, learning
with safety and coordination, evaluation against a bound with seeds and held-out days, decision
outputs as probabilities and attributions, and feedback with a governance record. On a stylised feeder
with eight hubs and 200 vehicles, every coordinated policy removed the transformer overload of
uncontrolled charging; the learned policies beat a capacity-aware heuristic only when the network
supplied fleet-flexibility messages and reserve eligibility, by 2.5% (VDN) and 7.8% (IQL) under 6G,
while remaining 30-41% above a perfect-information bound; the value of 6G over 4G to the learned
policy was 613 per vehicle-year gross and 552 net of the connectivity premium, positive in every
economic draw, split between a market channel and an information channel of about 200 per day each,
with the reserve price explaining 87% of its variance; and the saving rose with photovoltaics and price
volatility, failed to generalise to a feeder without photovoltaics, and met a binding transformer at high
penetration. The practical conclusion is that the case for 6G in V2G coordination rests on market access
and on the edge aggregator's information as much as on the radio link, that learned controllers need a
bound, a heuristic fallback and a generalisation test before deployment, and that the framework's
outputs (probabilities, decompositions, Sobol indices and rules) are what an operator needs to decide.
Every input is stylised and every number should be replaced with the operator's own; the testbed and
results file are provided so that this can be done.
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