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ABSTRACT

Renewable energy communities (RECs) coordinate buildings, photovoltaic generation, bat-
teries, electric vehicles and flexible loads. Controller studies often simplify changing participa-
tion, equipment availability, service deadlines and data quality, so lower cost or peak demand
can conceal missed services or infeasible power requests. This paper presents CityLearn v3, a
configurable simulation and evaluation framework for REC control studies under these con-
ditions. It represents changing members and assets, flexible-load deadlines, demand-response
requests, local energy sharing, and data or equipment failures within one simulation environ-
ment. Building and phase power limits constrain controllable requests, while a declared timestep
preserves consistent power-to-energy accounting. The framework records controller inputs and
distinguishes requested actions from those applied to the simulated equipment. Reference con-
trollers, service- and constraint-aware performance indicators, and trajectory exports support
comparisons within and across communities. Software checks and application examples exam-
ine service delivery, electrical constraints, settlement and changing scenarios; a synthetic high-
frequency trace replay illustrates how aggregation can conceal short peaks without changing
annual energy. Together, these records allow aggregate performance to be interpreted alongside
service failures, action reductions and participant-level outcomes.

KEYWORDS
CityLearn; renewable energy communities; building performance simulation; distributed
energy resources; electric vehicles; demand response; reinforcement learning; key performance
indicators

1. Introduction

Buildings increasingly combine photovoltaic (PV) generation, batteries, heat pumps, flexible
appliances and electric-vehicle (EV) chargers. Households, public buildings and businesses can
coordinate these resources within a renewable energy community to increase local PV use, reduce
peak grid import, provide flexibility and share locally generated energy.

Consider a simple day as an example. In the morning, a new household joins the community
and its PV system becomes part of the local energy balance. During the afternoon, an EV arrives
at a charger and must reach a required state of charge before departure. A washing-machine or
process cycle may start later, but it still has to finish before its deadline. In the evening, the
grid operator may ask the community to reduce import for one hour. During the same period, a
meter may stop reporting and one battery command may fail. A realistic controller study must
state all these conditions and preserve them in the reported results.

Established district-control benchmarks provide shared scenarios and evaluation protocols
(Vázquez-Canteli et al. 2020; Nweye et al. 2025). Studies using fixed membership and complete
data can, however, leave the changing conditions described above outside the control problem.
Established simulation tools cover different parts of the energy-system problem. EnergyPlus and
the Modelica Buildings library provide detailed models of buildings, thermal systems and HVAC
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equipment; BOPTEST provides standardized test cases, an application programming interface
and performance indicators for building-control benchmarking; and HELICS and mosaik connect
models from different domains in a common co-simulation (Crawley et al. 2001; Wetter et al.
2014; Blum et al. 2021; Hardy et al. 2024; Steinbrink et al. 2019). CityLearn addresses a different
need as it provides a common Gym-compatible environment in which control policies can be
tested over the same energy scenarios, controller interfaces and performance indicators. The
original CityLearn established this benchmark role (Vázquez-Canteli et al. 2020), and CityLearn
v2 extended it with rule-based control (RBC), model-predictive control (MPC), reinforcement-
learning control (RLC), distributed energy resources, EV and vehicle-to-grid examples, occupant
feedback and resilience studies (Nweye et al. 2025; Towers et al. 2024; Fonseca et al. 2025). Table 1
summarizes these complementary approaches in terms of their modelling scope, control-study
interfaces, and representation of community services and constraints.

Table 1.: Base capabilities of selected simulation and control-benchmarking platforms.

Platform Primary purpose Control-study interface Community and service scope

EnergyPlus and
Modelica Buildings
(Crawley et al. 2001;
Wetter et al. 2014)

Detailed building, HVAC and
district-energy physics

Control interfaces and
component models are
available; the experiment
protocol is assembled by the
user

Community membership, local
settlement and common
controller-evaluation semantics
are study-specific

BOPTEST (Blum
et al. 2021)

Repeatable benchmarking of
building control using
high-fidelity emulators

Standard API, test cases,
baseline control and KPIs

Centred on building and HVAC
control; REC services and
community electrical
constraints require additional
modelling

HELICS and mosaik
(Hardy et al. 2024;
Steinbrink et al.
2019)

Synchronization and data
exchange across heterogeneous
simulators

Coordinates user-supplied
models and controllers;
evaluation logic is defined by
the federation or scenario

Can support multi-domain
REC studies, but REC, service
and audit semantics are
supplied by the coupled
components

CityLearn v2
(Nweye et al. 2025)

Data-driven district control
benchmarking

Common Gym-compatible loop
with reference and learning
controllers and shared KPIs

Integrated buildings,
distributed energy resources
and EV studies within a shared
district-control benchmark

These approaches provide complementary foundations for modelling energy systems and
benchmarking control. For the REC studies considered here, community membership, ser-
vice obligations and electrical constraints must also remain consistent from scenario configu-
ration through controller interaction to evaluation. To support such studies, this paper presents
CityLearn v3, a configurable simulation and evaluation framework informed by real-community
projects. Its technical contribution is an integrated experimental interface that distinguishes
requested from applied actions, enforces building, phase and equipment power limits, and pre-
serves power-to-energy consistency across declared timesteps. Changing participants and assets,
flexible services, local settlement and data or equipment failures can therefore be studied under
a common control and evaluation protocol.

The distinction between requested and applied actions makes controller decisions auditable.
A request to charge a disconnected EV remains recorded even though the applied charging power
is zero; a battery request reduced by a phase limit is likewise retained alongside the applied value.
Service indicators complement these records, so a reduction in cost can be assessed together with
missed EV departures or flexible-load deadlines.

Section 2 derives the study requirements, and Section 3 describes their representation. Sec-
tion 4 sets out controller interfaces, reference policies, performance indicators, software checks
and computational costs. Section 5 demonstrates their use in REC experiments, and Section 6
discusses the findings.
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2. Requirements for realistic renewable energy community studies

Experience developing and testing REC controllers in the OPEVA and DEMFLEX projects mo-
tivates two groups of requirements: the conditions a scenario must represent, and the information
the simulator must expose for fair controller comparison.

2.1. From real communities to simulator requirements

Community composition, equipment, service obligations and sharing rules affect both the control
problem and the interpretation of its results. A scenario must specify these assumptions together
with its time resolution, electrical limits and data availability.

Recent REC studies point to the same need. Energy communities are socio-technical systems,
so their performance depends on participant composition, technical design, local objectives and
governance as well as total demand (Gjorgievski, Cundeva, and Georghiou 2021; European Par-
liament and Council of the European Union 2018, 2019). Modelling results change with partici-
pant types, technologies, demand profiles and energy-sharing rules (Belmar, Baptista, and Neves
2023). Reviews of machine-learning applications likewise argue that data-driven control should
reflect how communities are operated, not only abstract load-shifting objectives (Hernandez-
Matheus et al. 2022). Simulation studies combine buildings, PV, batteries, grid interaction, data
availability and uncertainty (Mousavi Motlagh et al. 2023); use 15-minute decisions, EV avail-
ability, trips, flexible-load windows, export limits, local exchange and forecast uncertainty (Frieß
et al. 2023); and show that allocation and settlement rules change how community benefits are
distributed (Mello et al. 2024).

The same requirements appeared in the authors’ use of CityLearn and EVLearn in EV
and energy-community projects. The OPEVA/EnergAIze demonstrator (Horizon Europe grant
101097267) considered a REC with nine houses, an office building, a factory, more than 20
EV chargers, PV generation, batteries and different building loads (SoftCPS Laboratory 2025;
OPEVA Consortium 2026; European Commission, CORDIS 2025; Fonseca et al. 2025). Work
towards control deployment in that setting made several assumptions concrete. Chargers, me-
ters and PV systems produced data at different frequencies; values could be missing or noisy;
commands could fail; measured PV and load traces required consistent energy accounting across
timesteps; appliance and process cycles had start windows and completion deadlines; homes had
contracted power and phase limits; local energy sharing changed participant costs; and REC
members or equipment could enter or leave during the study.

DEMFLEX (COMPETE2030-FEDER-01657200-19215) added the need to compare con-
trollers across communities, represent demand-response requests explicitly, provide structured
inputs to advanced controllers and export trajectories and performance indicators that can be
inspected outside the simulator (SoftCPS Laboratory 2026; Eurogia2030 2026). These projects
motivate the requirements below.

2.2. Scenario and evaluation requirements

Table 2 summarizes the scenario requirements, developed in Section 3.

Table 2.: Requirements for realistic REC scenarios.

ID REC requirement Real example How CityLearn v3 represents it

D1 Multiple communities A project may study several com-
munities but must retain the result
of each one.

Synchronized community simu-
lations with local and combined
results.

D2 Demand-response requests A grid operator requests a power
change during a stated time win-
dow.

Time-stamped interval DR
specifications, delivered re-
sponse, shortfall and payment.
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ID REC requirement Real example How CityLearn v3 represents it

D3 Local energy sharing and set-
tlement

PV surplus can meet another mem-
ber’s demand and change both
members’ costs.

Participant-level local import,
local export, and settlement
with the grid and community.

D4 Changing community mem-
bers and assets

A household joins, a charger is in-
stalled or a PV system is removed
during the study.

Member and equipment changes
that update controller inputs,
actions and results.

D5 Flexible-load schedules and
deadlines

An appliance or process may start
operation later, but must complete
before a deadline.

Cycle profiles, allowed start
windows, deadlines and service
indicators.

D6 Data and equipment failures A meter value is missing, a forecast
is biased, a command is lost or a
battery is unavailable.

Repeatable changes to measure-
ments, forecasts, commands and
equipment availability.

D7 Time resolution and energy
units

Data may arrive every 15 s, 15 min
or hour, while power and energy
must remain distinct.

A declared timestep and conver-
sion checks.

D8 Building and phase power lim-
its

A home has contracted im-
port/export limits and equipment
connected to specific phases.

Building-level and per-phase
limits applied to controllable
power requests.

Table 3 summarizes the evaluation requirements: controller inputs and actions, performance
indicators, reference policies, software validation and computational cost. Section 4 describes
how these are addressed.

Table 3.: Requirements for fair and reproducible controller comparisons.

ID Evaluation requirement Why it matters How CityLearn v3 addresses it

S1 Controller inputs and applied
actions

The user must know what the con-
troller received, requested and actu-
ally caused.

Structured observations with
persistent identities, availabil-
ity masks, feasible action ranges
and separate requested/applied
actions.

S2 Performance indicators and re-
sult exports

One reward or aggregate curve can
hide service failures and local out-
comes.

Extended KPIs with energy,
cost, emissions, service and con-
straint indicators with time-
series and comparison exports.

S3 Reference controllers and fair
comparisons

A normalized result is meaningful
only when the comparison case uses
the same given configuration and
accounting rules.

Business-as-usual (BAU) and
rule-based reference controllers
evaluated in the same scenario.

S4 Software validation More scenario rules create more op-
portunities for plausible but incor-
rect results.

Regression tests, physical
checks, interface checks,
indicator-consistency checks
and saved evidence.

S5 Computational cost High-frequency data, structured in-
puts and several communities can
slow repeated controller studies.

Measurements of run time,
memory usage, data export
time, data format.

3. Representing realistic REC scenarios in CityLearn v3

The scenario represents the eight REC requirements in Table 2. The following subsections de-
scribe their physical or service meaning, configuration and recorded outcomes.

Figure 1 depicts the main simulator modules. Each blue dashed area is one REC; the yellow
area shows that several RECs can be run together without losing their individual results. Within
each REC, members exchange locally generated energy before the remaining import or export
is accounted for at the grid. The arrows from the Grid/DSO-TSO represent demand-response
requests, and the hexagonal controller boxes show the information and actions exchanged at
each simulation step.

The examples inside the RECs illustrate membership changes, charger installation, flexible-
load deadlines and per-phase limits. The box labelled robustness events represents missing data,
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Figure 1.: How CityLearn v3 represents one or more renewable energy communities.
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lost commands and unavailable equipment. Appendix A, Table A2, lists the corresponding con-
figuration fields.

3.1. Multiple communities

Requirement D1 is the ability to study several communities in one synchronized experiment.
A municipality or aggregator may coordinate RECs with different buildings, resources and ob-
jectives. A policy can receive observations and provide actions for all communities at the same
timestep, while their separate identities and results reveal which community caused a peak, pro-
duced surplus or missed a service. The wrapper synchronizes electrically independent community
simulations and retains their individual and combined results.

CityLearn v3 runs community environments side by side. Each retains its scenario, members,
equipment, demand-response requests, settlement rules and results. The wrapper resets them
together and advances each once per simulation step. It accepts actions organized by community
identifier and returns observations, rewards and information under those identifiers. The D1 row
of Table A2 lists the configuration fields.

The communities evaluated together must use the same centralized or decentralized setting,
timestep and episode length. Individual scenarios can use other time resolutions when evaluated
separately, but they must be aligned to the same simulation clock before they are included in
one multi-community experiment.

Results are reported for each community and for the portfolio. Energy, cost, emissions,
payments and event counts are summed; ratios and percentages use declared reporting weights,
equal by default. Thus, self-consumption values of 40% and 60% give a mean of 50%, or 55%
with weights of 1 and 3. Weights can reflect floor area, member count or annual demand and
define averages of community-level ratios.

3.2. Demand-response requests

Requirement D2 concerns explicit demand-response requests (Vázquez-Canteli and Nagy 2019).
A distribution system operator (DSO), transmission system operator (TSO), retailer or aggre-
gator may ask a community to change its net consumption during a stated interval. The request
and its delivery must be visible to the controller and in the results, rather than represented only
through a tariff or reward.

Each request specifies its identifier, issuer, start and end timesteps, direction qr, target power
Rr, tolerance ϵr, payment rate and shortfall penalty. Delivery is measured against a reference
baseline Br,t: mean community net power over a configurable pre-event window, one hour by
default, calculated immediately before activation and held fixed during the event. This pre-event
reference is used consistently for response measurement and settlement. Invalid or incomplete
history invalidates the baseline and excludes the request from settlement.

With positive Pt denoting net import, a down request asks the community to reduce import
relative to the baseline, whereas an up request asks it to increase net consumption by increasing
import or reducing export. For an active request r, with direction qr and target power Rr, the
delivered power is

dr,t =

{
Pt −Br,t, qr = up,

Br,t − Pt, qr = down,
(1)

Here Pt is actual community net power, positive for import. A positive dr,t indicates movement
in the requested direction; a negative value indicates the opposite.

The simulator derives credited power cr,t and shortfall power sr,t from the delivered power.
Credited power is the non-negative response that counts towards payment and is capped at the
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target Rr. Shortfall is the part still missing after the tolerance ϵr:

cr,t = min(max(dr,t, 0), Rr), sr,t = max(Rr − dr,t − ϵr, 0), (2)

Power is converted to energy by multiplying by the timestep duration in hours. For example, a
20 kW down request during one 15min step asks for 5 kWh. If import falls by only 14 kW and
the tolerance is 1 kW, the credited response is 3.5 kWh and the shortfall is 1.25 kWh. If import
falls by 23 kW, the full delivery remains visible, but credit is capped at the 20 kW target and
shortfall is zero.

A scenario is defined by a top-level configuration file, normally schema.json. Its
demand_response block enables the service, selects the baseline window and points to a CSV or
Parquet request file containing one row per request. The current schema accepts DSO or TSO
issuers and non-overlapping requests. During an active request, the structured input includes its
identifier, issuer, direction, target power and baseline information. Appendix A, Table A2, gives
the exact fields.

3.3. Local energy sharing and settlement

Requirement D3 concerns local energy sharing and settlement. In European REC and citizen-
energy-community policy, participation involves collective activity and member or local benefit,
not only independent behind-the-meter operation (European Parliament and Council of the
European Union 2018, 2019). A member with PV surplus may allocate part of that energy to a
neighbour before the remaining export is accounted for at the grid. Batteries, EV charging and
flexible loads can then be scheduled to coincide with local surplus. The simulation must retain
both the physical allocation and its effect on each member’s cost.

District net load cannot identify who supplied or consumed shared energy, or how savings
were distributed. For example, simultaneous office PV export and household import can cancel in
the aggregate whether or not local sharing is enabled. CityLearn v3 therefore records participant
net consumption, local exchange, settlement and residual grid import/export separately.

Let Enet
b,t be the net energy of building b during timestep t after local generation and con-

trollable equipment. Positive values are demand and negative values are surplus. For the active
members Ct, total demand DC,t and total surplus SC,t are

DC,t =
∑
b∈Ct

max(Enet
b,t , 0), SC,t =

∑
b∈Ct

max(−Enet
b,t , 0). (3)

When local sharing is enabled, the shared energy is the smaller of demand and surplus:

LC,t = min(DC,t, SC,t); (4)

if sharing is disabled, LC,t = 0. Participant weights decide how LC,t is distributed among the
members that are importing energy without exceeding their demand. Exporting members con-
tribute in proportion to their surplus. Residual grid import G+

C,t is total demand minus shared
energy, and residual grid export G−

C,t is total surplus minus shared energy. The allocation and
price settings determine the resulting settlement. As a simple example, suppose that one member
has 10 kWh of PV surplus during a timestep and two other members together demand 6 kWh.
If all members are eligible for local sharing, the community layer records 6 kWh of local traded
energy and 4 kWh of residual export. If a controller shifts an additional appliance or EV charg-
ing session into that same period, local traded energy can increase and residual grid exchange
can fall. Participant-level records show who supplied and consumed the shared energy and how
the configured rule affected costs.

Settlement is calculated from this local energy record rather than inferred later from aggre-
gate net load. The member-level local price plocb,t is the retail import price pbuyb,t multiplied by
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the configured ratio ρ, where 0 ≤ ρ ≤ 1. A value below one prices locally shared energy below
retail import. For local import Lin

b,t, local export Lout
b,t and residual grid import G+

b,t, the current
settlement cost is

Cb,t = pbuyb,t G+
b,t + plocb,tL

in
b,t − plocb,tL

out
b,t . (5)

Imports are costs and local exports are credits. Residual grid export G−
b,t remains in the physical

record but has zero remuneration in the current implementation, so it does not appear in this cost
equation. Total local import and local export are both equal to the shared energy in Equation (4).
The monetary record is budget-balanced when matched energy is charged and credited at one
common local price. With different retail tariffs, local credits and charges follow each member’s
derived local price; a common local price gives exact bilateral balance.

Continuing the example above, if the retail import price is 0.25 EUR/kWh and ρ = 0.8, local
energy is settled at 0.20 EUR/kWh. A member importing 6 kWh locally pays 1.20 EUR instead
of 1.50 EUR from the grid, while the producing member receives a local credit for the energy used
by the community. The exported evidence therefore contains both the physical energy allocation
and the economic effect: local import, local export, residual grid import/export, settled cost,
counterfactual cost, local-market savings and participant/community indicators.

The community_market block enables sharing, sets the local-price ratio and optionally sup-
plies import-member weights. These weights allocate scarce surplus among importing members;
omitted weights give equal default eligibility. The D3 row of Table A2 lists the fields, exported
indicators and legacy price-ratio alias.

3.4. Changing community members and assets

Requirement D4 concerns members and equipment that enter or leave during a study. A house-
hold may join, a charger may be installed, or a PV system may be removed for maintenance.
Representing these changes within one run lets the controller experience the transition while
preserving consistent inputs, actions and accounting across periods.

CityLearn v3 stores each change as a time-stamped record with an operation (add or remove),
the affected member or asset identifier and, when needed, replacement parameters such as input
files, installed power or phase connection. All changes scheduled for timestep t are applied before
the controller acts at that timestep. Demand, generation, available actions, power limits, local
settlement and service checks therefore use the same active member and asset lists.

In the scenario file, this behaviour is activated with topology_mode="dynamic" and a list of
topology_events. The complete schema stores the events as validated records, but conceptually
the declaration is close to:

t=1000: add member M4 with demand and PV traces
t=1300: add EV charger to M2
t=1600: remove PV from M1
t=2000: remove member M3

Add records can reuse an existing member or item of equipment as a template and replace
selected parameters. Remove records close the corresponding active period. These changes are
declared explicitly rather than hidden as zero-filled time series or undocumented preprocessing.

Performance indicators follow the active period of each member and asset. A charger installed
at t = 1300, for example, has no service denominator or action before that timestep. A removed
member keeps its historical rows but does not contribute to later settlement. The exported
change log explains why member counts, service denominators, local sharing or power-limit
results changed during the episode.
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3.5. Flexible-load schedules and deadlines

Requirement D5 concerns flexible loads that must deliver a complete service, such as a dishwasher
program, water-heating cycle, pump schedule or industrial batch. The controller chooses when
the predefined cycle starts, and an omitted cycle is recorded as an unserved service.

In the implementation, these are configured as deferrable_appliances using two linked
files. The cycle file gives the energy profile qc,τ in kWh/step, its duration dc in integer timesteps
and total energy. The schedule file gives the earliest start tearliestc , latest start tlatestc , completion
deadline tdeadlinec , priority and whether the cycle is mandatory. The controller selects the start
time of the stored energy profile.

For a requested cycle c, an applied start sc is feasible only if

sc ∈ Z, tearliestc ≤ sc ≤ tlatestc , sc + dc − 1 ≤ tdeadlinec , (6)

where sc is the selected start timestep. The term sc + dc − 1 is the last timestep occupied by
a dc-step cycle, so the final inequality ensures completion by the inclusive deadline. The start
must also be compatible with the configured equipment and building limits. Once started, the
cycle contributes

Edef
c,t =

{
qc,t−sc , sc ≤ t < sc + dc,

0, otherwise.
(7)

Here Edef
c,t is the cycle energy at timestep t and qc,t−sc selects the corresponding element of the

stored profile. Completed cycles, missed cycles, start delay, served energy and unserved energy
are then exported as performance indicators.

Admissible start window

Stored cycle profile qc,τ

tearliestc

available

sc

chosen start
sc + dc

finish
tlatestc

latest start

tdeadlinec

deadline

Figure 2.: Flexible-load start window, deadline and energy cycle.

Figure 2 relates the admissible start window to the stored cycle profile and completion
deadline. The resulting service record identifies completed and missed cycles, start delays, and
served or unserved energy.

3.6. Data and equipment failures

Requirement D6 concerns failures in the information and equipment used by a controller.
CityLearn v3 distinguishes four types of data and equipment failures:

Measurement failures. These change the current values received from meters or sensors. A
building-load measurement can, for example, become missing, noisy, biased, stuck at an
earlier value or clipped to a specified range. The physical load remains unchanged; only
the information received by the controller is affected.

Forecast failures. These change predicted values used by the controller, such as future PV
generation, electricity prices or building demand. For example, a price forecast can be
shifted by a fixed bias while the actual electricity price remains unchanged.

Action failures. These affect the command sent by the controller before it reaches the simu-
lated equipment. A battery-charging command can, for example, be lost, delayed, biased,
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noisy, stuck or clipped. The requested action remains recorded separately from the action
that is actually applied.

Equipment failures. These make an item of equipment temporarily unavailable for measure-
ment, control or both. For example, a battery or EV charger can remain physically present
in the scenario while rejecting control actions during a declared failure interval.

CityLearn v3 stores these cases as time-stamped data and equipment failures, configured
internally through the robustness block present in the schema. Each record states the affected
channel, target, feature, start and end timesteps, failure mode and parameters.

The four failure types enter the control loop at different points. Let Eo
t , Ef

t , Ea
t and Eu

t be
the active measurement, forecast, action and equipment-availability failures at timestep t. Their
effect is

õt = ρo(ot, Eo
t , Eu

t ), f̃t = ρf (ft, Ef
t ),

aappt = ρa(a
req
t , Ea

t , Eu
t ), xt+1 = F (xt, a

app
t , wt). (8)

Here ot and ft are unchanged inputs, and õt and f̃t are the versions received by the controller.
The maps ρo and ρf apply measurement and forecast failures. For compactness, ρa denotes
command processing through failures, availability and feasibility checks, yielding aappt from areqt .
The state-update function F advances physical state xt using that applied action and exogenous
inputs wt, such as demand, weather and PV generation. A missing measurement therefore does
not become a physical load reduction, and a lost command remains distinguishable from the
requested action.

A short scenario can therefore describe common field problems without changing the con-
troller implementation. The example used here declares a missing building-load measurement
at timesteps 24–27, a biased price forecast at 48–55, lost storage commands at 72–75 and un-
available storage at 96–99. A fixed random seed makes stochastic changes repeatable, and a
configured marker distinguishes a missing measurement from a physical zero. Figure 3 shows
the same example as a timeline: measurement and forecast failures change what the controller
receives, while action and equipment failures change what the simulator applies. The D6 row of
Table A2 in Appendix A gives the exact fields of the internal robustness block and its event
file.
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clean observation controller-visible observation forecast seen by controller
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0.5
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al
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d
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n

requested action
applied action

0 20 40 60 80 100
simulation timestep

missing observation
forecast bias

action dropout
asset unavailable

Figure 3.: Timeline of data and equipment failures in the controller loop.

The results report failure counts, active timesteps, changed measurements and forecasts, lost
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commands and equipment-unavailable timesteps. These records link controller behaviour to the
conditions under which it was tested.

3.7. Time resolution and energy units

Requirement D7 makes the simulation clock and energy units explicit. The timestep determines
which variations the controller observes, when requests and deadlines occur, and how power is
converted to energy. Hourly averages can hide short EV peaks, missing-data intervals or phase-
limit exceedances. CityLearn v3 uses the configured timestep consistently across scenario timing,
equipment accounting and evaluation; examples in this paper include hourly, 15 min, one-minute
and 15 s data.

CityLearn v3 makes this clock explicit through the seconds_per_time_step property in
the scenario schema and the declared simulation and episode bounds. Once loaded, request
windows, service deadlines, actions, rewards and result exports use this timestep. If timestamps
are available, the loader records their inferred spacing so that 15 s data are not silently interpreted
as 15 min or 1 h data. The D7 row of Table A2 lists the exact clock and simulation-window
fields.

The key conversion is simple. Let ∆t be the simulation step duration in seconds. If a measured
signal is provided as average power Pt in kW, the energy associated with one simulation step is

Et = Pt
∆t

3600
, (9)

where Et is energy in kWh/step, Pt is average power in kW and ∆t/3600 converts seconds to
hours. Load, PV and charging time series expressed as energy are read directly in kWh/step;
equipment ratings and import/export limits remain in kW; and prices and carbon intensities
remain per kWh. Absolute measured series are distinguished from normalized profiles that must
be scaled by capacity. For example, a 7.2 kW charger operating for one step represents 7.2 kWh
at 1 h resolution, 1.8 kWh at 15 min and 0.03 kWh at 15 s.

3.8. Building and phase power limits

Requirement D8 concerns the power available at a building connection. A house, office or factory
can have a contracted limit on the total power imported from or exported to the grid. A three-
phase connection can also have a separate limit on each phase. Both types of limits must be
respected at the same time. For example, a building can remain below its total import limit
while exceeding the limit of the phase to which an EV charger is connected.

Phase assignment limits the power available to each device: a charger connected to L1 cannot
use spare capacity on L2 or L3, whereas a balanced three-phase battery distributes its power
across all three phases.

Consider a house with a total import limit of 12 kW and phase limits of 7 kW, 5 kW and
4 kW for L1, L2 and L3, respectively. Before any new control action, the house imports 4 kW on
L1, 2 kW on L2 and 1 kW on L3, giving a total import of 7 kW. An EV charger connected to L1
then requests 7.2 kW. Accepting the complete request would increase total import to 14.2 kW
and L1 import to 11.2 kW. The total connection has 5 kW of remaining capacity, but L1 has only
3 kW. The phase limit is therefore the restrictive one: the simulator applies 3 kW of charging
and records that 4.2 kW of the request was rejected.

The same calculation is applied generally to all controllable electrical equipment. For building
b, let Φb be its phase set: {L1} for a single-phase connection or {L1,L2,L3} for a three-phase
connection. The set Ub,t contains the controllable equipment available at timestep t, such as
EV chargers and stationary batteries. A request ua,t from equipment a is signed power in kW,
with positive values increasing import and negative values increasing export. The fraction ma,ϕ

assigns this request to phase ϕ and sums to one across the phases used by the equipment. For
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example, ma,L1 = 1 for a charger connected only to L1, while a balanced three-phase battery
assigns one third of its power to each phase.

Before applying the limits, the requested total and phase powers are

P req
b,t = P 0

b,t +
∑

a∈Ub,t

ua,t, (10)

P req
b,ϕ,t = P 0

b,ϕ,t +
∑

a∈Ub,t

ma,ϕua,t, ϕ ∈ Φb. (11)

Here P 0
b,t is building power before new controllable requests, and P 0

b,ϕ,t is its phase allocation.
These terms include non-controllable demand, local generation and flexible-load cycles that have
already started.

Let Imax
b and Xmax

b denote the total import and export limits. Their phase equivalents are
Imax
b,ϕ and Xmax

b,ϕ . With positive power denoting import and negative power denoting export, an
applied power state is feasible when

−Xmax
b ≤ Pb,t ≤ Imax

b ,

−Xmax
b,ϕ ≤ Pb,ϕ,t ≤ Imax

b,ϕ , ∀ϕ ∈ Φb.
(12)

An omitted limit is unbounded. Both total and phase constraints must hold; satisfying the total
limit alone does not guarantee a feasible phase allocation.

When necessary, CityLearn v3 scales the controllable requests using factors αa,t ∈ [0, 1]. The
resulting applied powers are

P app
b,t = P 0

b,t +
∑

a∈Ub,t

αa,tua,t, (13)

P app
b,ϕ,t = P 0

b,ϕ,t +
∑

a∈Ub,t

αa,tma,ϕua,t. (14)

A factor of one leaves a request unchanged, while a factor of zero rejects it completely. In the
example, the charger receives αa,t = 3/7.2 ≈ 0.417. Its applied power is therefore 3 kW, resulting
in 10 kW of total building import and exactly 7 kW on L1. The original 7.2 kW request remains
recorded alongside the applied value.

When non-controllable building power exceeds a limit, the simulator applies the avail-
able controllable reductions and records any remaining exceedance, retaining the original non-
controllable load.

The results retain requested and applied actions, total and phase power, remaining capacity
and rejected controllable power. Requested-action pressure is reported separately from residual
limit violations calculated from applied power histories. Power exceedances are converted to
energy using the timestep duration. This distinction separates an infeasible controller request
from a physical exceedance that remains after controllable requests have been reduced.

Each building’s optional electrical_service block declares single- or three-phase opera-
tion, total and per-phase import/export limits, default load allocation and equipment phase
connections. Controllers may receive remaining total and phase capacity as inputs. When the
block is absent, legacy CityLearn behaviour is retained unless older charger constraints are
configured. Appendix A, Table A2, lists the fields.

4. Running and evaluating controller studies

Once the REC scenario is defined, a controller study must specify its inputs, reference policy,
performance indicators and reporting procedure. This section addresses requirements S1–S5 in
Table 3. Figure 4 summarizes the configuration choices from dataset and timestep to controller
selection and result comparison.
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1 2 3 4 5 6

Data and time
Dataset or custom schema
Start/end dates; timestep
e.g. 15 s / 15 min / 1 h

Communities and assets
One or multiple RECs
Buildings; PV; batteries
EVs; flexible loads
Add/remove schedules

Services and constraints
DR requests; local sharing
Tariffs and settlement
EV targets; load deadlines
Total/per-phase power limits

Inputs and disturbances
Flat / structured inputs
Forecasts; available actions
Data or command failures
Equipment outages

Controller and reference
Controller; reward function
Centralized / decentralized
BAU / RBC reference

Run and evaluate
Run the selected scenario
Requested / applied actions
KPIs; time-series exports
Compare with the reference

Figure 4.: Main choices in a CityLearn v3 experiment. The selected dataset provides initial
settings; the user configures assets, services, constraints and control before running the study
and comparing its results.

4.1. Controller inputs and applied actions

Requirement S1 concerns the meaning of controller inputs and actions throughout a run. When
membership, equipment or service availability changes, a vector position alone may no longer
identify the same entity. The interface must retain identity, availability and feasible actions.

CityLearn v3 keeps the original CityLearn loop: a controller resets the environment, receives
inputs, submits actions through step, and receives a reward and run information. The sce-
nario selects the input format and action-feedback settings together with the timestep, services,
failures, reference controller, reward, performance indicators and exports.

Two input formats are supported. The flat format preserves the CityLearn/Gymnasium
vector used by existing RBC, MPC and RL code in fixed configurations. The structured format,
called entity-based in the implementation, retains the identifiers of buildings, equipment, EVs,
chargers, flexible loads and requests, together with relations such as building–equipment and
charger–EV. It also provides action ranges and availability masks. Dynamic member and asset
changes require this structured interface. An installed charger appears as an identified row with
its own action.

At each step, the simulator stores the requested action areqt and the action aappt applied after
availability, service windows, electrical limits and command failures are considered. Availability
masks and feasible ranges explain which actions were possible; the difference between requested
and applied values records what the controller attempted and what the equipment executed.

4.2. Performance indicators and result exports

Requirement S2 is that performance indicators and result exports reveal service outcomes as
well as aggregate performance. A controller can reduce cost while missing an EV departure,
delaying a flexible load, failing a demand-response request or relying on action reduction by the
simulator. Reward guides the controller, key performance indicators (KPIs) summarize the run,
and exported trajectories show why those indicators changed.

CityLearn v3 retains the energy, cost, emissions, ramping and grid-impact indicators of
CityLearn v2 and adds the families required by D1–D8. Table 4 uses the same names as Table 2;
Appendix B provides the expanded catalogue.

Exports include KPI and time-series files, service summaries, requested/applied-action dif-
ferences, entity tables, masks, relations and figure inputs. The companion CityLearn UI reads
these folders directly; its trajectory and KPI views in Figure 5 support inspection of the records
behind a scorecard.
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Table 4.: Performance-indicator families in CityLearn v3.

Family Example metrics Why it matters

Energy and power
limits

grid import/export, net exchange, peak, ramping,
load factor, building/phase-limit exceedance

Retains district-control indicators and shows
requests outside configured power limits.

Cost and settlement energy cost, local settlement, comparison cost,
savings, demand-response payments and penalties

Separates energy cost, local energy sharing
and demand-response payments.

Emissions emissions totals, daily averages and ratios to the
reference controller

Keeps environmental performance visible
alongside cost and service.

PV and local energy
sharing

PV generation/export, self-consumption, local
import/export, shared energy and sharing ratios

Shows local energy sharing instead of hiding
it in aggregate net load.

EV service departure counts, target/minimum/tolerance
success, SOC deficit/surplus, charged and V2G
energy

Distinguishes grid flexibility from
mobility-service failure.

Flexible-load service completed/missed cycles, service level,
served/unserved energy and start delay

Evaluates flexible demand as a service with a
deadline.

Demand-response
requests

requests, active timesteps,
requested/credited/shortfall energy, compliance,
payments and invalid baselines

Measures requested flexibility and its
settlement.

Data and equipment
failures

failures, changed measurements/forecasts/actions,
missing values, lost commands and unavailable
equipment

Records the conditions under which
controller results were produced.

Changing community
members and assets

active periods, time-stamped changes and
changing controller-input/action definitions

Links member and asset changes to valid
actions and result periods.

Controller inputs and
actions

table rows, relations, masks, feasible capacity and
requested/applied-action differences

Shows what the controller knew, requested
and physically caused.

Multiple communities local rows, summed quantities and weighted ratios Keeps each community visible next to
combined results.

Inherited thermal/
HVAC/comfort

discomfort ratios, hot/cold deltas,
thermal-resilience and unserved-energy indicators

Retains the thermal, HVAC and comfort
indicators of CityLearn v2.

a) Time-series inspection b) KPI comparison

Figure 5.: Time-series and KPI comparison views in the CityLearn UI.

The scorecard should match the study: EV service and action reductions for mobility, or
traded energy, settlement and participant costs for local sharing. Compact scorecards support
comparison, while the exports retain the full indicator families for further analysis.

4.3. Reference controllers and fair comparisons

Requirement S3 is a declared reference case evaluated under the same scenario and accounting
rules. Matching service obligations, settlement and electrical limits provides a consistent basis
for normalized comparisons between policies.

The reference controller must therefore state how it charges EVs, starts mandatory flexible
loads, operates batteries and reacts to demand-response requests or failures. It uses the same
settlement and building/phase-limit rules as the evaluated controller.
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Table 5.: Reference controllers used in the CityLearn v3 evaluation workflow.

Policy class What it represents Interpretation in REC studies

NormalNoBatteryPolicy Day-to-day operation for EVs
and flexible loads without
stationary battery control.

Separates native service demand from the value of stationary
storage.

NormalPolicy BAU operation with the same
native service logic plus
simple PV self-consumption
storage.

Serves as the main reference line for annual scorecards and
normalized KPI interpretation.

RBCBasicPolicy Service-aware rule-based
control with simple price
response.

Checks whether a transparent controller can improve cost or
import while tracking EV targets more precisely than normal
charging.

RBCSmartPolicy Solar-, price- and peak-aware
rule-based control.

Provides a stronger internal RBC reference for grid, carbon
and service KPIs.

RBCCommunityPolicy REC-aware rule-based control
using community surplus and
import context.

Tests whether local sharing and settlement objectives can be
inspected separately from grid and carbon outcomes.

KPIs can then be reported in raw form and, when appropriate, relative to the declared
reference controller b. A generic ratio and difference are

κratioj (π, b) =
κj(π)

κj(b)
, (15)

∆κj(π, b) = κj(π)− κj(b), (16)

where π is the evaluated controller, b is the reference controller and κj is indicator j. The ratio is
defined only when κj(b) ̸= 0. Service failures, invalid demand-response baselines, shortfalls and
power-limit exceedances remain visible as raw counts, rates or gates instead of being hidden by
normalization.

4.4. Software validation

Requirement S4 concerns checks on scenario rules, interfaces and reported results. CityLearn
v3 combines regression tests with targeted REC tests, time-unit and physical audits, controller-
input checks, BAU/KPI consistency checks and thermal/HVAC compatibility tests. Table 6
reports their scope and observed outcomes. The checks were run in June 2026 using Python
3.10.12. The test logs and machine-readable audit outputs are retained with the manuscript.

Table 6.: Software validation checks used in this manuscript revision.

Check Protected failure mode Current evidence

Full regression suite General simulator behaviour and compatibility with
existing CityLearn tests.

423 passed tests; 18 warnings.

Targeted REC requirements KPI exports, demand-response requests, data and
equipment failures, structured controller inputs,
changing community members and assets, and runs with
multiple communities.

103 passed tests; 8 warnings.

Physics and time-unit audit Energy/power consistency when the same scenario is
evaluated at 60, 300, 900 and 3600 s timesteps.

16/16 scenarios passed.

Controller-input and change
audit

Persistent member/equipment identities, relations, action
rows and configuration versions when equipment or
members change.

Strict pass.

BAU/KPI sanity audit Reference-controller rows, duplicated KPI keys, finite
KPI values and delta-to-BAU identities in controller
exports.

3317 rows per export, 1401
BAU-derived rows and no
duplicate KPI keys.

Thermal/HVAC
compatibility tests

Inherited thermal and heat-pump behaviour alongside
the new REC capabilities.

12 passed tests.
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Each figure in Section 5 is linked to its scenario descriptor, command, raw output folder,
KPI table and figure input. These records identify the timestep, controller inputs, reference
controller, events and KPI scope behind each plot.

4.5. Computational cost

Requirement S5 concerns the cost of repeated controller experiments. High-frequency data in-
crease storage and loading requirements, structured inputs enlarge the returned data, and syn-
chronized communities increase the state and indicators processed at each step.

The comparisons in Table 7 were run on an Intel Core i9-13980HX processor (24 cores, 32
threads), with 29.1 GiB of RAM available to Linux, using Python 3.10.12 and Linux 6.8.0-
124 on x86_64. Control actions were zero and rendering was disabled. Step durations were
measured around env.step() using perf_counter, excluding controller decision time. The basic
flat/structured comparison reports means over five process-isolated runs per configuration (seeds
0–4), each with 599 executed hourly steps. The detailed-input and multi-community cases use
one 599-step hourly run per configuration; the CSV/Parquet cases use one 239-step run per
configuration at 15 s resolution. Initialization and reset were timed separately.

Table 7.: Computational-cost evidence.

Check Compared cases Observed change Interpretation

Basic structured input Matched building/phase-limit
run, flat input versus the
basic structured input.

5.30 to 5.51 ms/step; about
+0.21 ms/step or +4.1%.

Persistent identities, relations,
masks and action feedback are
available with measured but
small basic overhead.

High-frequency storage Two 15 s CSV/Parquet pairs:
power limits and changing
community members and
assets.

2.446 GB to 12.405 MB and
2.619 GB to 12.740 MB;
initialization falls from 25.37
to 15.61 s and from 28.59 to
18.92 s.

Parquet makes both datasets
about 200 times smaller and
reduces initialization time by
34–38%; post-load step time
remains similar.

Structured-input size Flat input versus the most
detailed standard structured
input.

4.88 to 10.18 ms/step; 165 flat
values to 2538 table values
and 302 feature names.

Step time approximately
doubles while the exposed input
payload becomes more than 15
times larger.

Multiple communities One, two and four
synchronized communities in
the heterogeneous run.

5.02, 7.08 and 11.41 ms/step;
four communities export 5227
KPI rows, including 107
combined rows.

Four synchronized communities
require 2.27 times the
single-community step time
while retaining local and
combined outcomes.

The basic structured interface adds 4.1% to mean step time. The most detailed input exposes
over 15 times as many values at 2.09 times the step time. Four communities average 11.41
ms/step, approximately 88 steps/s, with 5227 local and combined KPI rows.

5. Application examples

The application examples examine how scenario conditions affect service delivery, visible peaks,
settlement and controller records. Table 8 summarizes the questions and experimental configu-
rations.

The scenario configurations are summarized in Appendix A.
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Table 8.: Application-example protocol used in this manuscript.

Example Study question Scenario/controller Reported outcome

Reference controllers Can BAU and transparent
reference controllers be
interpreted with the
expanded KPI families on a
full annual REC/EV
scenario?

8760-step hourly REC
scenario with EVs, flexible
loads, local energy sharing
and building/phase power
limits; legacy EV-RBC, BAU
and rule-based controllers.

The scorecard compares
energy, cost, EV and
flexible-load service, settlement
and requested power-limit
exceedances.

Time resolution and
energy units

Can the same energy trace
imply different visible power
peaks at different time
resolutions?

One synthetic annual 15 s
REC trace viewed at 1 h, 15
min and 15 s; all views are
derived from the same
physical signal.

Equal annual energy can
produce different visible peaks,
so the declared timestep
matters for capacity-sensitive
studies.

Local energy sharing
and settlement

Does local settlement change
the annual economic
interpretation of a
community-aware controller?

Full-year
RBCCommunityPolicy;
grid-only comparison versus
configured local settlement for
the same trajectory.

Local exchange changes final
cost and member outcomes
and cannot be inferred from
district net load alone.

Demand-response
requests

Can a time-window request
be translated into delivery
and settlement evidence?

180-step scenario with three
non-overlapping requests; one
evening request shown against
operation without a request.

Request-level results expose
requested energy, credited
response, shortfall and
payment.

Changing community
members and assets

Do time-stamped changes
propagate to controller
inputs, actions and results?

One run in which a member,
chargers and PV equipment
are added or removed;
detailed structured-input
results are archived.

Member/equipment counts and
controller rows change together
while identities remain
traceable.

Data and equipment
failures

Do repeatable failures change
the controller trajectory and
appear in the results?

Same controller and period in
a clean run and a run with
declared measurement,
forecast, command and
equipment failures.

Declared failures produce
identifiable changes in
controller inputs, applied
actions and exported results.

Multiple communities Can heterogeneous
communities be evaluated
together without hiding
individual outcomes?

Four heterogeneous
communities evaluated over
the same time window.

Individual profiles and
combined outcomes quantify
simultaneous surplus and
demand across communities.

5.1. Reference controllers and scorecard interpretation

The first example combines energy, cost, service, settlement and electrical-constraint indicators
in an annual scorecard. It compares the reference policies defined in Section 4.3 across grid,
economic and service outcomes.

The hourly three-phase REC/EV scenario contains EV chargers, one flexible-load service,
local sharing and building/phase limits. Its annual window has 8760 timesteps and 8759 executed
control steps. Six policies are compared: the older Legacy EV-RBC and the five reference policies
in Table 5. NormalPolicy supplies the BAU reference, combining ordinary EV and flexible-load
service with simple PV self-consumption storage.

Figure 6 gives each indicator as a ratio to BAU, with arrows indicating the comparison direc-
tion. EV target proximity measures the proportion of eligible departures within ±5 percentage
points of the requested SOC, while minimum service measures attainment of the configured
minimum acceptable SOC. The six policies share 2757 eligible departures, the same settlement
rules and the same building/phase limits. BAU attains the minimum in all eligible departures
but lies within the symmetric target band in 6.3%, because its charging rule aims for 100% SOC
and frequently exceeds the requested target.
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EV-RBC

Normal
no battery

BAU
(v3)

RBCBasic
Policy

RBCSmart
Policy

RBCCommunity
Policy

Cost 

Grid / REC
import 

Peak 

Emissions 

EV target proximity
(within ±5 pp) 

EV minimum
service 

Flexible-load
service 

REC export 

Settlement
savings 

Requested limit
exceedance 

1.47

1.38

1.06

1.28

1.75

0.80

1.00

2.43

1.06

9.8kx

1.05

1.05

1.08

1.05

1.00

1.00

1.00

1.24

1.03

0.00

BAU

BAU

BAU

BAU

BAU

BAU

BAU

BAU

BAU

BAU

0.85

0.87

1.16

0.86

15.4x

1.00

1.00

1.29

0.92

0.09

0.78

0.81

1.00

0.77

14.4x

0.94

1.00

1.11

0.82

0.00

0.77

0.80

1.00

0.76

14.4x

0.94

1.00

1.05

0.81

0.00
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Annual scorecard: controller / BAU (dimensionless)

Figure 6.: Annual REC/EV controller scorecard normalized to the CityLearn v3 BAU reference.

Legacy EV-RBC produces an annual cost of 42.2 kEUR, grid import of 230.1 MWh and
emissions of 38.4 tCO2, compared with 28.7 kEUR, 166.8 MWh and 30.0 tCO2 for BAU. It
meets the minimum feasible EV target for 80.1% of feasible departures and accumulates 49.5
MWh of requested power-limit exceedance energy.

RBCBasicPolicy reduces annual cost to 24.4 kEUR and grid import to 145.4 MWh while
retaining 100% minimum EV service and reaching 98.0% target proximity. Its peak rises from
104.7 kW for BAU to 121.4 kW. RBCSmartPolicy reduces cost to 22.3 kEUR, import to 135.2
MWh and emissions to 23.1 tCO2. RBCCommunityPolicy reaches 22.0 kEUR, 133.3 MWh, a
104.6 kW peak and 22.8 tCO2. The two smart policies attain target proximity of 91.4% and
91.2%, respectively, with minimum EV service of 93.8% for both and flexible-load service of
100%. Among the RBC policies, Basic delivers full minimum EV service, while Smart and Com-
munity achieve the lowest cost and import. The target-proximity ratios compare the frequency
of departures within the requested SOC band. Settlement savings reflect the timing and volume
of local exchange.

Figure 7 follows one charger through a 24 h window. BAU begins charging when the vehicle
connects, while the RBC policies shift part of the request to later hours with different PV output
and prices. The middle panel shows connection status, requested departure SOC and the SOC
at timestep boundaries, including the state reached after the final control action. Smart and
Community finish at 91.0% SOC against a 92% target, within the configured tolerance. The
lower panel supplies the building’s PV and price context.
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Figure 7.: EV charging requests over 24 h and the corresponding timestep-boundary SOC states
for one charger.

5.2. Time resolution and hidden peak visibility

Short timesteps retain brief EV-charging and process-load peaks that hourly averaging can
conceal. This experiment uses a deterministic replay of one synthetic annual 15 s REC trace
and constructs 15 min and 1 h views by averaging the same signal. All views retain 349.0 MWh
of load, 147.6 MWh of PV generation and 19.3 MWh of EV charging, isolating the effect of
temporal aggregation on visible power.

Figure 8 shows the consequence on a selected day and over the annual trace. On the selected
day, the native 15 s trace reaches 231.0 kW when a short high-power event occurs. The same
day reaches only 104.8 kW in the 15 min averaged view and 63.9 kW in the hourly view, so
the hourly representation hides most of the short event. Over the annual trace, the hourly view
reports an observed peak of 96.8 kW and a 99.9th percentile power of 78.2 kW. The 15 min
view reports 188.2 kW and 107.7 kW, while the native 15 s view reports 281.5 kW and 136.1
kW. Thus, the same annual energy balance can imply substantially different visible peaks and
upper-tail behaviour depending on the timestep used by the controller and evaluator.

Aggregation conceals short capacity-relevant events even when annual energy is unchanged.
The declared timestep therefore affects the peaks and upper-tail power available to a controller
or evaluator.
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Figure 8.: High-frequency peak visibility from one synthetic 15 s trace.

5.3. Local energy sharing and settlement

This experiment values the annual RBCCommunityPolicy trajectory from Section 5.1 under grid-
only accounting and configured REC settlement. Both valuations use the same import, export,
PV, battery and service trajectories over 8760 hourly timesteps, with 8759 executed control
steps.

Under grid-only accounting, the annual electricity cost of the RBCCommunityPolicy trajectory
is 24.8 kEUR. With local settlement, the same trajectory is valued at 22.0 kEUR, a reduction of
2.8 kEUR or 11.3%. The run records 17.0 MWh of locally traded energy, 133.3 MWh of residual
grid import and 48.3 MWh of residual grid export. Local exchange covers 11.3% of demand
and 26.1% of export energy under the configured rule. All 17 members reduce annual cost, with
a median saving of 121 EUR and a range from 68.8 to 525.7 EUR. These savings accompany
91.2% EV target proximity, 93.8% minimum EV service and 100% flexible-load service for the
same controller.
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Figure 9.: Full-year REC settlement accounting for the same RBCCommunityPolicy trajectory.

The range of member savings shows how local settlement distributes community-level bene-
fits. The participant-level exports provide the quantities needed to compare allocation rules and
fairness, including the authors’ related simulator-based analysis (Fonseca et al. 2026).

5.4. Demand-response delivery and settlement

This experiment applies an event-aware dispatch to explicit demand-response requests and tracks
delivery, credit, shortfall and settlement.

The configured 180-step scenario contains three non-overlapping requests, active over 10
hourly timesteps and requesting 190.0 kWh in total. Figure 10 focuses on one evening down
request. In the upper panel, the shaded region marks the active window. The red step curve
asks for 25 kWh of reduction per timestep, or 100.0 kWh in total. The blue markers show the
response credited for payment. It follows the request closely for the first three timesteps and
falls below it in the final timestep, creating a shortfall.

The lower panel compares settlement with a no-request counterfactual, whose DR-related cost
change remains zero. The green curve falls as credited response is remunerated; negative values
indicate lower net cost relative to that counterfactual. A shortfall penalty reduces the benefit
near the end of the event. The selected request finishes with 90.6 kWh of credited response, 7.4
kWh of shortfall and 25.2 EUR lower net cost.

Across the three requests in Table 9, event-aware dispatch reduces total shortfall from 101.1
to 51.6 kWh, raises compliance from 0.43 to 0.70 and lowers cost after settlement by 73.0 EUR
relative to reference operation. Net revenue remains negative after shortfall penalties. Delivered
energy records all movement in the requested direction, while compliance uses credit capped at
each timestep. Credit and penalized shortfall use different thresholds because tolerance reduces
the latter. These records connect the change in net cost to the response delivered during each
request.
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Table 9.: Combined demand-response results for the three-request scenario.

Case Requested Delivered Shortfall Compliance Net DR revenue Cost after settlement
kWh kWh kWh ratio EUR EUR

Reference operation 190.0 82.5 101.1 0.43 -100.2 863.6
Event-aware dispatch 190.0 300.9 51.6 0.70 -16.0 790.6
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Figure 10.: Selected demand-response request and settlement opportunity.

5.5. Changing community members and assets

This example tests whether member and equipment changes propagate to the structured con-
troller input within one continuous run.

Four changes occur in one run: Building 18 is added at timestep 1000, a charger is added
to Building 2 at 1300, a charger is removed from Building 5 at 1500 and PV is removed from
Building 11 at 1600. Figure 11 shows the resulting counts. Active members increase from 17 to
18, active chargers increase from 8 to 10 and then return to 9, and active flexible loads increase
from 1 to 2 when the new member enters.

The structured input changes at the same timesteps: identified rows increase from 67 to 74
and end at 71, relations move from 74 to 84 and then 80, and action rows move from 26 to 30 and
then 29. The largest input contains 2295 table values. Persistent identifiers allow these changes
to be traced to individual members and assets. Archived input sets range from 85 feature names
in the basic set to 302 in the largest standard set.
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Figure 11.: Counts of changing community members and assets.

5.6. Data and equipment failures

The same hourly week is run twice with a storage policy: once with unchanged inputs and
equipment availability, and once with declared failures. The policy produces non-zero storage
requests around the failure windows so that lost commands and unavailable equipment leave
visible traces in the trajectory and service records.

The file declares four failures over 20 active timesteps: missing building-load measurements,
biased electricity-price forecasts, lost storage commands and temporary storage unavailability.
Figure 12 places them on the same simulation axis and reports the associated counts. The
missing-meter interval creates 4 records, the forecast-bias interval creates 8, the command fail-
ure affects 136 action entries across the storage actions, and the equipment failure records 68
unavailable equipment–timestep pairs. The figure shows what was declared, when it occurred
and how it was counted.

0 20 40 60 80 100
Simulation step

Asset unavailable

Action dropout

Forecast bias

Missing observation

Event windows Applied effect
Recorded

count

Building_1 load -> sentinel 4

price forecast +0.05 8

storage request -> 0 136

storage unavailable 68

Robustness events declared in the example scenario

Figure 12.: Data and equipment failures in the example scenario.

Figure 13 shows the effects of measurement and forecast failures. On the left, the clean
trace shows the physical meter value. During the failure, the controller-visible value becomes the
configured missing-value marker, −9999, rather than a physical zero. The crosses at the bottom
mark the missing-measurement interval. On the right, affected forecast values are shifted by
+0.05 EUR/kWh. The controller thus receives corrupted information while the export records
when and how it was changed.
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Figure 13.: Missing measurements and biased forecasts.

The same run also records lost commands and unavailable equipment. During the command-
failure window, requested storage actions remain recorded while the corresponding applied ac-
tions become zero; mean net electricity is then 25.33 kWh/step higher than in the clean run. Over
the full run, the grid-import and cost ratios increase by approximately 0.011 and 0.0041, while
the peak ratio is unchanged. The event records link these changes to the affected measurement,
forecast, command and equipment channels.

5.7. Multiple communities

Synchronized experiments can reveal complementary demand and generation profiles while re-
taining each community’s objectives and results.

The experiment evaluates four REC scenarios over the same 600-step hourly window. REC 1
has many EVs; RECs 2–4 have different building demand and PV profiles. Each electrically inde-
pendent community is controlled with RBCSmartPolicy. After the run, post-processing matches
simultaneous export in one community with import in another under a common accounting
rule. The matched quantities measure inter-community sharing opportunities from the recorded
trajectories.

Figure 14 shows the result in two complementary ways. The left side plots a high-sharing
window. REC 1 repeatedly exports while the other RECs remain importers, yet the aggregate
profile of all four RECs is still positive. The separate REC profiles reveal simultaneous local
surplus and demand beneath a positive aggregate net load.

The right side gives the full-run accounting view. Over the 600-step window, 2.45 MWh of
local export is matched with demand in other communities, and no residual export remains after
this matching calculation. Of that matched demand, 0.79 MWh of REC 2 import, 0.76 MWh of
REC 3 import and 0.87 MWh of REC 4 import are matched mainly with REC 1 export; small
additional matches go from the other RECs to REC 3.

Under the normalized accounting rule, locally matched energy is valued at 80% of the retail
import price and grid export remuneration is zero. This gives recipient-side savings of 0.16, 0.16
and 0.17 normalized cost units for the three receiving communities, and 0.49 normalized cost
units in total. The combined records quantify the potential savings associated with simultaneous
surplus and demand across the four communities.
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6. Discussion and conclusions

This paper presented CityLearn v3 as a configurable framework for studying control in renew-
able energy communities whose participants, equipment and operating conditions can change
over time. Scenario configuration determines both what the controller observes and how its de-
cisions are applied, with service requirements and electrical limits carried through to evaluation.
Building and phase active-power limits are enforced alongside timestep energy balances, while
local sharing and settlement connect physical operation to participant costs. This extends the
building-energy and thermal modelling capabilities of CityLearn v2 into a common environment
for realistic REC control experiments.

The application results demonstrate why energy, service and economic indicators need to be
read together. In the annual controller comparison, lower electricity costs and grid imports coin-
cide with different levels of EV departure service. Local settlement, in turn, changes participant
costs without changing the physical trajectory, and demand-response remuneration depends on
both delivered response and shortfall. Temporal resolution also shapes the interpretation of a
trajectory: averaging the same 15 s trace to 15 min or 1 h preserves energy totals but conceals
short power peaks.

For controller research, the value of this framework lies in being able to vary those conditions
while retaining a consistent link between decisions and outcomes. Requested and applied actions
explain how electrical limits or equipment availability affect operation, and service records iden-
tify the consequences for community members. The open-source implementation and public
example scenarios provide a basis for extending these studies to new policies and configurations.
CityLearn v3 thus supports comparisons that connect energy and economic performance to the
decisions, constraints and delivered services that produce it.
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Table A1.: Software-validation configurations and application-evidence scenarios.

Scenario Temporal scope Equipment represented Changing condi-
tions

Paper role

Base REC 3600 s; 48-step
KPI check, 600-
step runtime
check and full-
year reference-
controller score-
card

Buildings, PV, batteries,
EV chargers and flexible
loads

none BAU/KPI checks and the an-
nual controller scorecard.

EV departure
target

3600 s; scorecard
service result

EVs, chargers, PV, bat-
teries and buildings

none Checks strict target, toler-
ance and minimum-feasible
EV departure indicators.

Flexible-load
schedules and
deadlines

3600 s; scorecard
service result

Buildings and flexible ap-
pliances

Start windows
and deadlines

Checks completed/missed cy-
cles and flexible-load service
indicators.

Demand-
response
requests

3600 s; 48-step
KPI check and
180-step applica-
tion experiment

Buildings, PV, batteries
and EV chargers

Demand-
response request
file

Checks request, delivery,
shortfall and settlement
indicators.

Data and
equipment
failures

3600 s; 48-step
KPI check and
hourly-week appli-
cation experiment

Buildings, PV, batteries
and EV chargers

Data and equip-
ment failure file
(robustness in-
ternally)

Checks measurement,
forecast, command and
equipment-availability fail-
ures.

Changing
community
members and
assets

60, 300, 900 and
3600 s; 160-step
audits, plus an
hourly application
with changes at
steps 1000–1600

Buildings, chargers, PV,
batteries and flexible
loads

Member and
equipment
changes

Checks identities, active peri-
ods, controller inputs and re-
sult windows.

Multiple com-
munities

3600 s; 48-step
KPI check and
600-step combined
run

Four heterogeneous REC
scenarios

none in current
check

Checks individual and com-
bined KPI rows and matched
inter-community energy.

15 s Parquet 15 s; file-size,
240-step stor-
age/runtime
check and 24 h
BAU comparison

Power-limit and
changing-equipment
demonstrations

optional Checks storage footprint,
loading and time-resolution-
aware BAU accounting.

Synthetic an-
nual trace

Native 15 s an-
nual replay and 15
min/1 h averages

Aggregate load, PV and
EV traces

None Quantifies the effect of tem-
poral aggregation on visible
power.

A.2. Exact configuration reference for Section 3

Table A2 lists the scenario keys and linked-file fields for requirements D1–D8 in the order used
in Table 2. Internal names and legacy aliases are included where relevant.

Table A2.: Exact configuration reference for the eight REC requirements in Section 3.

ID and requirement Scenario declaration Linked file or record fields and supported values

D1 Multiple commu-
nities

MultiCommunityEnv receives communities;
each entry contains community_id, schema,
optional env_kwargs and optional weight.
Wrapper output uses optional render_
directory and render_session_name.

community_id is unique; weight is finite and
non-negative, with at least one positive weight.
Child scenarios must use matching seconds_
per_time_step, episode length, interface and
central-agent settings.

D2 Demand-response
requests

Top-level demand_response: enabled,
requests_file, baseline_method,
baseline_window_seconds and allow_
overlapping_requests. The current base-
line mode is rolling_pre_event_average;
overlapping requests are not currently
supported.

Request-file columns: request_id, issuer,
direction, start_time_step, end_time_step,
target_power_kw, activation_price_eur_per_
kwh, shortfall_penalty_eur_per_kwh and
optional tolerance_power_kw. Issuer is dso or
tso; direction is up or down.
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ID and requirement Scenario declaration Linked file or record fields and supported values

D3 Local energy shar-
ing and settlement

Top-level community_market: enabled,
local_price_ratio_to_grid_import,
optional import_member_weights,
kpis.community_local_traded_enabled
and kpis.community_self_consumption_
enabled.

The price ratio is clipped to [0, 1]; intra_
community_sell_ratio is accepted as a legacy
alias. Residual grid export is recorded but has
zero remuneration in the current implementa-
tion; it has no active configurable settlement
price.

D4 Changing commu-
nity members and as-
sets

Top-level topology_mode and
topology_events. Dynamic changes
require topology_mode=dynamic and the
entity controller interface.

Event fields: id, time_step, operation, target_
member_id, target_asset_type, target_asset_
id, optional source_member_id, source_asset_
id and overrides. Operations are add_member,
remove_member, add_asset and remove_asset;
asset types are charger, deferrable_appliance,
pv and electrical_storage.

D5 Flexible-load
schedules and dead-
lines

Under buildings.<id>.deferrable_
appliances.<id>: cycle_profiles_file,
flexibility_schedule_file and optional
attributes.trigger_threshold.

Cycle-profile columns: profile_id,
duration_steps, total_energy_kwh,
load_profile. Schedule columns: cycle_id,
profile_id, earliest_start_time_step,
latest_start_time_step, deadline_time_step,
priority, must_run. The must_run field is the
mandatory-service flag described in the main
text.

D6 Data and equip-
ment failures

Top-level data and equipment fail-
ure block (robustness internally):
enabled, events_file, random_seed,
missing_replacement_value and
modules.<observations|forecasts|
actions|assets>.enabled.

Event-file columns: event_id, module,
target_type, target_id, target_feature,
start_time_step, end_time_step, mode, with
optional value, std, min_value, max_value,
replacement_value and delay_steps.
Modes depend on the channel: miss-
ing/noise/bias/stuck/clip for measurements and
forecasts; dropout/noise/bias/stuck/delay/clip
for commands; unavailable for equipment.

D7 Time resolution
and energy units

Top-level seconds_per_time_step,
simulation_start_time_step,
simulation_end_time_step and
episode_time_steps. Episode selection can
additionally use rolling_episode_split
and random_episode_split.

seconds_per_time_step is a positive duration
such as 3600, 900, 60 or 15 s. Time-series
columns declared as power remain in kW; en-
ergy columns are in kWh/step. Linked request,
deadline and failure fields use integer timestep
indices on the same clock.

D8 Building and
phase power limits

Under buildings.<id>.electrical_
service: mode, default_split,
limits.total.import_kw, limits.total.
export_kw, limits.per_phase.<L1|L2|
L3>.import_kw and export_kw; optional
observations switches expose headroom,
violations and phase encoding. Equipment
uses attributes.phase_connection.

mode is single_phase or three_phase; default_
split is balanced, L1, L2 or L3 where compat-
ible; phase_connection is L1, L2, L3 or all_
phases. Omitted power limits are unbounded.

A.3. Related service and evaluation configuration

The following settings define EV service, controller inputs, applied actions and result exports.

Table A3.: Related service and evaluation configuration.

Item Main fields or files Purpose

EV service EV connection and departure sched-
ules, charger power limits, V2G availabil-
ity, target/minimum state of charge and
departure-service fields

Preserves mobility requirements next to grid
objectives so a low cost or peak does not hide
a missed departure target.

Controller inputs and ap-
plied actions

interface, structured-input sets, action
masks and action feedback

Defines what the controller receives and
keeps requested and applied actions sepa-
rate.

Performance indicators and
result exports

KPI/export settings, output fields and
CSV or Parquet result format

Defines the indicators, trajectories and diag-
nostics retained for comparison and audit.
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Appendix B. KPI catalogue and equations

This appendix summarizes the KPI families in Table 4, with equations where they clarify scope
or normalization.

Table B1.: Expanded KPI catalogue for CityLearn v3.

Family KPI Definition / rationale Unit

Energy and
power limits

Net electricity
consumption

Enet
b,t or Enet

C,t after equipment operation
and local accounting.

kWh/step

Energy and
power limits

Net-boundary grid import
∑

t max(Egrid
t , 0) for signed energy at the

stated boundary; distinguish this from
summed member imports.

kWh

Energy and
power limits

Net-boundary grid export
∑

t max(−Egrid
t , 0) at the same boundary;

distinguish this from summed member
exports.

kWh

Energy and
power limits

Net grid energy Grid import minus grid export. kWh

Energy and
power limits

Average daily peak Mean of daily maximum net import power. kW

Energy and
power limits

Peak import Maximum net grid import power over the
evaluation window.

kW

Energy and
power limits

Peak export Maximum net grid export power over the
evaluation window.

kW

Energy and
power limits

Ramping Sum or mean absolute changes in net load
over the evaluation window.

kW or kWh

Energy and
power limits

Load factor Average import divided by peak import
over the evaluation window.

ratio

Energy and
power limits

One minus load factor Complement of load factor when
lower-is-better normalization is used.

ratio

Energy and
power limits

Zero-net-energy ratio Evaluated-controller net energy relative to
the declared reference policy; the exported
metric specifies the aggregation scope.

ratio

Energy and
power limits

Requested-pressure /
residual-violation counts

Separate counts of requests beyond
configured electrical limits and violations
remaining in the applied power state.

count

Cost and
settlement

Electricity cost Energy import/export/local settlement
multiplied by configured tariffs.

currency

Cost and
settlement

Local export credit Locally shared export multiplied by the
local price; residual grid export is
unremunerated in the described
implementation.

currency

Cost and
settlement

Net energy cost Import cost minus export/local revenues,
using the configured settlement.

currency

Emissions Carbon emissions
∑

t E
grid−import
t ct, where ct is carbon

intensity.
kgCO2

Emissions Import carbon intensity Emissions divided by imported energy. kgCO2/kWh
Inherited
thermal/
HVAC/comfort

Heat-pump electricity Electricity consumed by heating/cooling
heat-pump devices in scenarios with those
devices.

kWh

Unmet thermal demand Heating/cooling demand not served, if
represented in the selected scenario.

kWh or ratio

Comfort violation hours Timesteps or hours outside configured
thermal comfort bounds.

time

Occupant override count Number of thermostat/comfort overrides, if
occupant feedback is active.

count

HVAC clipping count Number of heat-pump/HVAC actions
clipped by configured limits.

count

PV and local
energy sharing

PV generation Total measured or simulated PV energy. kWh

PV and local
energy sharing

PV self-consumption Locally consumed PV divided by PV
generation.

ratio

PV and local
energy sharing

Self-sufficiency Demand served by local resources divided
by total demand.

ratio

PV and local
energy sharing

Local import Energy imported by members from local
community surplus.

kWh

PV and local
energy sharing

Local export Energy supplied by members for local
sharing.

kWh

PV and local
energy sharing

Local exchange Matched local surplus and demand before
residual grid exchange.

kWh
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PV and local
energy sharing

Local sharing ratio Local exchange divided by eligible surplus
or demand according to the exported
demand-side or export-side variant.

ratio

PV and local
energy sharing

Community surplus Energy remaining after local matching and
demand satisfaction.

kWh

PV and local
energy sharing

Community deficit Energy not served by local resources before
grid import.

kWh

PV and local
energy sharing

Settlement cost/revenue Member or community settlement under
local and grid prices.

currency

EV service EV connected time-step
count

Number of timesteps with EV connected
and controllable/observable.

count

EV service EV arrival count Number of EV arrivals in the evaluation
window.

count

EV service EV departure count Number of EV departures in the evaluation
window.

count

EV service Charged energy Energy delivered to EV batteries. kWh
EV service Discharged energy / V2G

energy
Energy discharged from EVs to
building/community/grid.

kWh

EV service Required departure energy Energy required to reach target SOC at
departure.

kWh

EV service Departure success count Number of departures meeting target SOC
within tolerance.

count

EV service Departure success ratio Successful departures divided by total
evaluated departures.

ratio

EV service Departure deficit energy
∑

i max(Etarget
i − Estored

i,di
, 0), where i

identifies a departure, di is its timestep and
the two energy terms are required and
stored EV energy.

kWh

EV service Maximum individual
departure deficit

Maximum deficit observed for a departing
EV.

kWh

EV service Mean departure deficit Mean deficit across departures. kWh
EV service Average required charging

power
Required energy divided by remaining
connection time.

kW

EV service Slack time / urgency Time remaining after accounting for
required charging at feasible power.

time

EV service Charger clipping count Number of EV actions clipped by
charger/battery/electrical constraints.

count

Flexible-load
service

Requested cycles Number of flexible-load cycles requested by
the scenario.

count

Flexible-load
service

Started cycles Number of requested cycles started. count

Flexible-load
service

Completed cycles Number of requested cycles completed
before deadline.

count

Flexible-load
service

Missed cycles Number of cycles not completed by
deadline.

count

Flexible-load
service

Service level Completed cycles divided by requested
cycles.

ratio

Flexible-load
service

Cycle energy served Energy consumed by completed or active
cycles.

kWh

Flexible-load
service

Unserved cycle energy Requested cycle energy not delivered by
deadline.

kWh

Flexible-load
service

Average start delay Mean delay relative to earliest feasible
start.

time

Flexible-load
service

Maximum start delay Maximum delay among served cycles. time

Flexible-load
service

Deadline violation count Number of cycle deadlines missed or
violated.

count

Demand-
response
requests

Request count Number of demand-response requests in the
evaluation window.

count

Demand-
response
requests

Active timestep count Number of timesteps inside active request
windows.

count

Demand-
response
requests

Requested total energy
∑

(r,t)∈W Rr∆t/3600, where W contains
valid active request–timestep pairs and ∆t
is the timestep in seconds.

kWh

Demand-
response
requests

Delivered total energy
∑

(r,t)∈W dr,t∆t/3600, retaining delivery
opposite to the requested direction as a
negative value.

kWh
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Demand-
response
requests

Credited total energy
∑

(r,t)∈W cr,t∆t/3600, where cr,t is the
non-negative capped credit in Equation (2).

kWh

Demand-
response
requests

Shortfall total energy
∑

(r,t)∈W sr,t∆t/3600, with sr,t defined in
Equation (2).

kWh

Demand-
response
requests

Compliance ratio Credited energy divided by requested
energy over valid request timesteps.

ratio

Demand-
response
requests

Revenue total Credited energy multiplied by the
activation price.

currency

Demand-
response
requests

Penalty total Shortfall energy multiplied by the penalty
price.

currency

Demand-
response
requests

Net revenue total Revenue minus penalties. currency

Demand-
response
requests

Invalid baseline timestep
count

Number of request timesteps without a
valid baseline.

count

Demand-
response
requests

Up/down delivered energy Signed delivered energy separated by
request direction.

kWh

Data and
equipment
failures

Failure count Number of configured failures activated. count

Data and
equipment
failures

Changed-measurement
count

Number of measurement entries affected by
missing, noise, bias, stuck or clipping
modes.

count

Data and
equipment
failures

Changed-forecast count Number of forecast entries affected. count

Data and
equipment
failures

Missing-measurement
count

Number of measurement values set to the
missing marker.

count

Data and
equipment
failures

Changed-action count Number of commands modified by dropout,
noise, bias, stuck, delay or clipping modes.

count

Data and
equipment
failures

Lost-command count Number of commands dropped or replaced. count

Data and
equipment
failures

Equipment-unavailable
count

Number of equipment–timestep pairs
marked unavailable.

count

Data and
equipment
failures

Failure summary Count or weighted count by affected
channel and failure type.

mixed

Changing
community
members and
assets

Active member count Number of active REC members per
timestep or average over the evaluation
window.

count

Changing
community
members and
assets

Active asset count Number of active assets per timestep or
average over the evaluation window.

count

Changing
community
members and
assets

Change count Number of member or asset
additions/removals.

count

Changing
community
members and
assets

Active-period energy Energy and KPIs computed only over
active periods.

mixed

Controller
inputs and
actions

Input table count Number of structured input tables returned
by the interface.

count

Controller
inputs and
actions

Input row count Number of identified rows across input
tables.

count
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Controller
inputs and
actions

Relation count Number of exposed relations, e.g.,
building–equipment or charger–EV.

count

Controller
inputs and
actions

Action mask count Number of unavailable/infeasible action
entries.

count

Controller
inputs and
actions

Reduced-action count Number of requested actions reduced by
physical or service limits.

count

Controller
inputs and
actions

Feasible action capacity Available feasible charge/discharge or start
capacity exposed to the controller.

mixed

Multiple
communities

Combined grid
import/export

Sum of community import/export. kWh

Multiple
communities

Combined cost and
emissions

Sum of community cost/emissions. mixed

Multiple
communities

Weighted combined ratio Weighted mean of ratios such as
self-consumption or service level.

ratio

Multiple
communities

Community-level KPI
table

Indicators retained for each community
before combination.

mixed

Multiple
communities

Combined
request/failure/change
totals

Sum of demand-response requests, failures
and member/equipment changes across
communities.

count

Appendix C. Implementation map

Table C1.: Implementation areas supporting the scenario and evaluation capabilities.

Area Scope Role in the paper

Mobility and
flexible services

EVs, chargers and ap-
pliance cycles

Represents charging obligations and flexible
service windows.

Core simulation Buildings, storage,
PV, control loop,
established KPIs and
datasets

Provides the simulation basis for the REC re-
quirements in Section 2.

Software distri-
bution

Official CityLearn
repository and ver-
sioned releases

Distributes the simulator and its public ex-
amples.

Control loop and
physical correc-
tions

Terminal states, action
parsing, SOC, storage
and high-frequency
timestep handling

Supports explicit scenarios and comparable
controller studies.

Performance in-
dicators and ex-
ports

Runtime, loading, ex-
port and KPI separa-
tion

Supports auditable KPI calculation and re-
sult inspection.

Structured
inputs and
changing mem-
bers/assets

Identified controller in-
puts and changing ac-
tive periods

Supports structured control and changing
community members and assets.

Time resolution
and Parquet

Power/energy units,
measured PV and
high-frequency data
loading

Supports measured data and large datasets.
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Flexible-load
schedules and
deadlines

Cycle profiles and al-
lowed start windows

Supports flexible loads beyond washing ma-
chines.

Demand-
response requests

File-based requests
and settlement indica-
tors

Supports demand-response evaluation.

Multiple commu-
nities

Synchronized runs and
weighted combination

Supports several independent RECs with in-
dividual and combined KPIs.

Data and equip-
ment failures

Changes to measure-
ments, forecasts, com-
mands and availability

Supports repeatable failure testing.
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