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INTRODUCTION

Residential cooling is becoming a major en-
ergy and environmental concern in warm and 
hot climates, where cooling can dominate resi-
dential energy use and offers substantial saving 
potential (Alalouch et al., 2019). In Morocco, 
the residential sector faces rising cooling needs, 
climate-sensitive building performance, and 
growing attention to energy-efficient construction 
and operation. National building-energy regula-
tions and recent Moroccan studies stress the role 
of envelope performance, thermal comfort, and 
energy efficiency in reducing building-related 
energy demand (Boumlik et al., 2024; El Asri et 
al., 2023). Operational cooling-setpoint control 

can complement passive and envelope measures, 
which recent Moroccan studies have examined 
across the country’s climate zones (Lachir and 
Noufid, 2024; M’lahfi et al., 2020): it reduces 
unnecessary cooling during unoccupied periods 
while keeping indoor comfort acceptable.

Occupancy-aware and intelligent cooling-
control strategies are therefore relevant energy-
saving technologies for residential buildings. 
Fixed thermostat schedules remain common in 
practice, but they ignore occupancy patterns, out-
door temperature variation, and the thermal iner-
tia of the building (Anand et al., 2022; Dong et al., 
2018). Letting the indoor temperature rise when 
the dwelling is empty, then restoring comfort be-
fore or during occupancy, is a simple operational 
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lever for cutting cooling that no occupant benefits 
from (Turley et al., 2020; Uddin et al., 2021). Oc-
cupancy-driven and temperature-prediction ap-
proaches to HVAC efficiency have also been in-
vestigated for building energy management (Drif 
et al., 2025; Sbabou et al., 2025). Rule-based con-
trol, model predictive control, and reinforcement 
learning have all been used to automate this deci-
sion (Afram and Janabi-Sharifi, 2014), and recent 
reviews report the potential of advanced control 
for building energy management (Taheri et al., 
2022; Yao and Shekhar, 2021).

The environmental value of intelligent cool-
ing control depends on whether a reported im-
provement corresponds to physically credible 
energy savings, not merely on whether an algo-
rithm scores well inside a benchmark. This mat-
ters most when reduced simulation environments 
or reward functions are used to compare control 
policies. A benchmark reward may combine com-
fort penalties, switching penalties, or designed 
energy proxies that help train and rank policies, 
yet these quantities need not represent measured 
or simulated cooling demand. For energy-saving 
assessment in environmental engineering, bench-
mark rankings must therefore be checked against 
simulated building-energy indicators.

The reinforcement-learning literature for 
HVAC control has grown rapidly (Azuatalam et 
al., 2020; Michailidis et al., 2023). Reported ap-
plications span setpoint reset and demand-charge 
reduction (Fang et al., 2022; Jiang et al., 2021), 
as well as temperature and humidity control and 
residential energy management (Boutahri and 
Tilioua, 2025; Chen et al., 2023). Evaluation 
problems persist. Learned controllers are often 
trained and scored inside reduced environments 
whose fidelity to a full building model is rarely 
assessed end to end, and they are sometimes com-
pared against weak or conveniently chosen base-
lines (Al Sayed et al., 2024; Zhang et al., 2019). 
Simulation-and-control frameworks have been 
proposed to standardise these evaluations (Blum 
et al., 2021; Jiménez-Raboso et al., 2021), and 
comparative studies have examined how different 
deep reinforcement-learning algorithms perform 
on building-control tasks (Esrafilian-Najafabadi 
and Haghighat, 2021; Manjavacas et al., 2024).

Most critically, a high benchmark reward is 
often read as evidence of energy savings or bet-
ter control, even when the reward contains a de-
signed proxy that does not represent measured 
or simulated HVAC energy (Dulac-Arnold et al., 

2021). Evaluations rarely separate the thermal in-
fluence that actions could in principle exert from 
the influence the chosen policy actually exerts.

This gap is the focus of the present work. Rath-
er than treating reinforcement learning as an end in 
itself, we use it as a case study for whether intelli-
gent cooling-control benchmarks can support cred-
ible energy-saving claims. Ranking cooling-control 
policies by benchmark reward implicitly assumes 
that a reward improvement reflects improved ther-
mal control and reduced cooling demand. That as-
sumption can be structurally false. To test it, we in-
troduce a closed-loop audit that separates the ther-
mal authority available to a policy, defined as the 
next-state temperature change that alternative valid 
actions could produce, from the thermal effect it 
actually exerts, defined as the cooling correction 
realised by the selected action. This internal audit 
is paired with full EnergyPlus simulations under 
two contrasting Moroccan climates.

Applied to occupancy-aware cooling-setpoint 
control in an 80 m² Moroccan apartment, the audit 
reveals a regime in which the DQN-derived mean 
setpoint rule and the deterministic rules reach iden-
tical comfort and are ranked only by the designed 
energy proxy, without producing cooling activa-
tion. The seed-specific DQN action sequences, 
however, show rare cooling corrections for seeds 0 
and 1. The ranking therefore reflects reward-proxy 
alignment, not demonstrated thermal control.

We further show that the very limited use of 
available thermal authority cannot be attributed 
to the learning algorithm alone. It arises primarily 
from how the simplified benchmark is calibrated 
and parameterised, although rare cooling correc-
tions occurred in two of the three seed-specific 
DQN action sequences. A within-benchmark 
ranking cannot on its own support cooling-energy 
claims. We therefore conducted full annual Ener-
gyPlus simulations under two contrasting Moroc-
can climates, Kenitra and Marrakech, and report-
ed the simulated annual zone cooling thermal de-
mand of four thermostat schedules. The Energy-
Plus results confirm the best and worst schedules 
identified by the proxy but reveal an inversion 
of the two intermediate schedules: the 26/30 °C 
occupancy-based schedule ranks above the DQN-
derived mean setpoint schedule under the reward 
proxy, whereas the DQN-derived mean setpoint 
schedule produces a lower simulated cooling 
thermal demand. Internal benchmark behaviour 
and full-building simulation outputs are therefore 
distinct quantities, and both must be examined.
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The contribution of this work is methodologi-
cal. We propose a transparent audit workflow 
that pulls apart four things RL-for-HVAC studies 
often merge: how accurately the environment is 
calibrated, whether the reward is optimised, how 
much thermal influence a policy could exert, and 
how much it actually exerts. The internal audit is 
paired with EnergyPlus-based simulation-based 
assessment. This work does not set out to evalu-
ate RL control performance. It evaluates the va-
lidity of the evaluation itself, asking whether a 
reward-based ranking can be trusted as evidence 
of thermal control and energy saving.

MATERIALS AND METHODS

Figure 1 summarises the methodology. The 
workflow comprises five phases: an initial Ener-
gyPlus baseline and data extraction; the calibra-
tion of a lightweight thermal environment with an 
independent holdout; the formulation of the RL 
task and the rule-based policies to be compared; 
a closed-loop audit separating available ther-
mal authority from realised thermal effect; and 
a simulation-based assessment of the candidate 
thermostat schedules with full EnergyPlus simu-
lations under two contrasting climates.

Figure 1. Overview of the proposed audit-based benchmarking and simulation-based assessment workflow
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Case study and EnergyPlus baseline

The case study is an 80 m² residential apart-
ment in Kenitra, Morocco, modelled in OpenStu-
dio and EnergyPlus (Crawley et al., 2001) with its 
geometry, envelope, two thermal zones, occupancy 
schedule, internal gains, and thermostat schedules. 
Exterior walls are double hollow brick (U = 1.21 
W/m²·K), the flat roof has 50 mm of expanded 
polystyrene (U = 0.62 W/m²·K), and windows are 
double glazing (U = 2.80 W/m²·K, SHGC = 0.60), 
with a window-to-wall ratio of about 3.4%. Oc-
cupancy follows a deterministic binary schedule 
(occupied 18:00–08:00, unoccupied 08:00–18:00). 
Reference cooling setpoints are 26 °C (occupied) 
and 30 °C (unoccupied); heating setpoints are 20 
°C and 15 °C. The OpenStudio geometry of the 
modelled apartment is shown in Figure 2.

Annual EnergyPlus simulations were per-
formed using the Ideal Loads Air System. This 
idealised system supplies the heating or cooling 
load required to maintain the prescribed zone ther-
mostat setpoints without representing the efficien-
cy, capacity limitations, or electricity consumption 
of actual HVAC equipment. The “initial constant-
setpoint Ideal Loads configuration” denotes the 
original model configuration before introducing 
occupancy-dependent thermostat schedules, with 
constant cooling and heating setpoints of 26 °C 
and 20 °C, respectively. The occupancy-scheduled 

configuration applies cooling setpoints of 26 °C 
during occupied hours and 30 °C during unoc-
cupied hours, together with heating setpoints of 
20 °C and 15 °C, respectively. Table 1 reports 
total delivered thermal demand, calculated as the 
sum of annual heating and cooling loads and nor-
malised by the conditioned floor area of 80 m². 

The value of 46.35 kWhth/m²·yr in Table 1 is not 
directly comparable with the fixed-26 value of ap-
proximately 45.3 kWhth/m²·yr reported in the sub-
sequent policy comparison. The former represents 
total annual delivered thermal demand, including 
both heating and cooling, for the initial constant 
26/20 °C thermostat configuration. The latter rep-
resents annual cooling demand alone for the fixed-
26 °C cooling strategy; heating is excluded from 
that indicator. The difference therefore results pri-
marily from the different energy-accounting bound-
aries. The two values should not be interpreted as 
two estimates of the same cooling demand.

Calibrated lightweight thermal 
environment

To allow repeated RL training and policy 
evaluation at low computational cost, a first-
order thermal environment was implemented in 
Python. It is intended as a transparent control-
oriented benchmark, not as a reduced-order Ener-
gyPlus surrogate. At each hourly step, the indoor 

Figure 2. OpenStudio 3D geometry of the modelled apartment
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temperature first drifts passively toward the out-
door temperature according to Equation 1:
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 (3) 
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 (5) 
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𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27
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	 (1)

where: 	Tt is the current mean indoor temperature, 
Tout,t is the outdoor dry-bulb temperature, 
and α is an effective thermal-response co-
efficient; a lower α represents stronger ef-
fective thermal inertia.

Let ∆Tdb denote the thermostat deadband. A 
cooling correction is applied only when the pas-
sively drifting temperature exceeds the selected 
setpoint Tsp,t by more than ∆Tdb = 0.5 °C, retained 
as a representative residential hysteresis value 
(Ramaraj and Sparn, 2025). The maximum set-
point-dependent cooling strength per hourly step 
is defined by Equation 2:
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where:	clip (x, l, u) – min (max (x, l), u).

Thus, lower cooling setpoints give stronger 
corrective action, bounded between 0 and 2.0 °C 
per step. The cooling correction is therefore given 
by Equation 3:
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 𝐶𝐶𝑡𝑡 = {min   (𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡,  𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)) ,  if 𝑇𝑇𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡 + Δ𝑇𝑇𝑑𝑑𝑑𝑑
 0, otherwise 

 (3) 

 
 

  𝑇𝑇𝑡𝑡+1 = 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐶𝐶𝑡𝑡  (4) 

 
Rt = −4×vt

2 − 0.35×Eproxy,t – 
– 0.02×|Tsp, t − Tsp, t−1| 

 (5) 

 
 

 𝑣𝑣𝑡𝑡 = {
25 − 𝑇𝑇𝑡𝑡+1, 𝑇𝑇𝑡𝑡+1 < 25

0, 25 ≤ 𝑇𝑇𝑡𝑡+1 ≤ 27
𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27

 (6) 

 
 𝑣𝑣𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚  (0,  𝑇𝑇𝑡𝑡+1 − 30)  (7) 

 

 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡 = clip   (31 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡
7

,   0,   1)  (8) 

 
 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 = 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡   max  (0,  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) + 0.5 max  (0,  𝑇𝑇𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)  (9) 

 
 

	 (3)

The next indoor temperature follows from 
Equation 4:

	

 

 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑇𝑇𝑡𝑡 + 𝛼𝛼(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡−𝑇𝑇𝑡𝑡)  (1) 

 
 

 𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  [ 2.0 − 0.4(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡−24),  0,  2.0 ]  (2) 
 

 𝐶𝐶𝑡𝑡 = {min   (𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡,  𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)) ,  if 𝑇𝑇𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡 + Δ𝑇𝑇𝑑𝑑𝑑𝑑
 0, otherwise 

 (3) 

 
 

  𝑇𝑇𝑡𝑡+1 = 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐶𝐶𝑡𝑡  (4) 

 
Rt = −4×vt

2 − 0.35×Eproxy,t – 
– 0.02×|Tsp, t − Tsp, t−1| 

 (5) 

 
 

 𝑣𝑣𝑡𝑡 = {
25 − 𝑇𝑇𝑡𝑡+1, 𝑇𝑇𝑡𝑡+1 < 25

0, 25 ≤ 𝑇𝑇𝑡𝑡+1 ≤ 27
𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27

 (6) 

 
 𝑣𝑣𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚  (0,  𝑇𝑇𝑡𝑡+1 − 30)  (7) 

 

 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡 = clip   (31 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡
7

,   0,   1)  (8) 

 
 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 = 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡   max  (0,  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) + 0.5 max  (0,  𝑇𝑇𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)  (9) 

 
 

	 (4)

Ct is a simplified control-oriented temperature 
correction. It does not represent HVAC equip-
ment operation, compressor power, coefficient of 
performance, electricity consumption, or system-
level energy use.

The coefficient α was calibrated against 
the EnergyPlus indoor-temperature trajectory 
over a dedicated 72-hour peak-summer window 
by minimising RMSE, giving α* = 0.005. The 
calibrated environment was then tested on three 
independent 72-hour holdout windows (warm 
shoulder, early summer, late summer); the re-
sulting accuracy is reported under “Calibration 
of the simplified environment” in the Results 
and Discussion section. The model reproduces 
the mean indoor-temperature level more reliably 
than the response amplitude, hence its use as a 
policy-ranking benchmark only. 

The primary calibration grid covered α ∈ 
[0.001, 0.020] in increments of 0.001. A diag-
nostic extension to α = 0.300 was also examined 
to verify that no lower-error solution existed 
at larger response coefficients. The trajectory-
based optimum was α* = 0.005, for which the 
peak-summer calibration window gave MAE = 
0.144 °C, RMSE = 0.196 °C, maximum absolute 
error = 0.529 °C, and MBE = −0.057 °C. The 
extended scan showed no secondary minimum. 
Supporting one-step diagnostics also placed the 
coefficient below 0.01: the global-regression 
estimate was 0.00839, the passive-filtered re-
gression estimate was 0.00780, and the one-step 
RMSE optimum was 0.0085. These diagnostics 
support α = 0.005 as a benchmark-specific effec-
tive coefficient; it is not a measurable material or 
envelope property.

Sensitivity checks considered deadbands of 
0.3, 0.5, and 1.0 °C and cooling-strength sched-
ules scaled by −50% and +50%. For the determin-
istic rules and the DQN-derived mean setpoint 
rule examined in the aggregate audit, these chang-
es did not alter the evaluated temperature trajecto-
ries because the selected actions did not activate 
cooling. This result is trajectory-specific and does 
not imply that the deadband or cooling strength is 
unimportant in other operating regimes.

Table 1. Annual total delivered thermal demand under the EnergyPlus Ideal Loads reference configurations

Configuration Total specific thermal demand, heating + cooling (kWhth/m²·yr)
Initial constant-setpoint Ideal Loads configuration 
(26 °C cooling; 20 °C heating) 46.35

Occupancy-scheduled Ideal Loads configuration
(26/30 °C cooling; 20/15 °C heating) 45.24

Note: The values reported in Table 1 are the sum of the annual heating and cooling thermal loads delivered by 
the EnergyPlus Ideal Loads Air System, divided by the conditioned floor area of 80 m². They represent delivered 
zone thermal demand, not HVAC electricity consumption. By contrast, the subsequent policy comparison reports 
cooling thermal demand alone.
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RL formulation and evaluated policies

The cooling-setpoint task is a discrete-action 
Markov Decision Process: M = (S, A, P, R, γ = 
0.99). Here S is eight-dimensional (indoor and 
outdoor temperature, binary occupancy, cycli-
cal encodings of hour and month, and previous 
setpoint). Actions are occupancy-constrained: 
{24, 25, 26, 27} °C when occupied and {26, 27, 
28, 29, 30} °C when unoccupied. The reward 
combines a comfort term penalising departures 
from the 25–27 °C occupied band adopted here 
in line with standard thermal-comfort criteria 
(ISO, 2005; ANSI/ASHRAE, 2020), a designed 
setpoint-dependent energy proxy, and a setpoint-
switching penalty.

The instantaneous reward is defined by Equa-
tion 5 as the weighted sum of three components:

	

 

 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑇𝑇𝑡𝑡 + 𝛼𝛼(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡−𝑇𝑇𝑡𝑡)  (1) 

 
 

 𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  [ 2.0 − 0.4(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡−24),  0,  2.0 ]  (2) 
 

 𝐶𝐶𝑡𝑡 = {min   (𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡,  𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)) ,  if 𝑇𝑇𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡 + Δ𝑇𝑇𝑑𝑑𝑑𝑑
 0, otherwise 

 (3) 

 
 

  𝑇𝑇𝑡𝑡+1 = 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐶𝐶𝑡𝑡  (4) 

 
Rt = −4×vt

2 − 0.35×Eproxy,t – 
– 0.02×|Tsp, t − Tsp, t−1| 

 (5) 

 
 

 𝑣𝑣𝑡𝑡 = {
25 − 𝑇𝑇𝑡𝑡+1, 𝑇𝑇𝑡𝑡+1 < 25

0, 25 ≤ 𝑇𝑇𝑡𝑡+1 ≤ 27
𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27

 (6) 

 
 𝑣𝑣𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚  (0,  𝑇𝑇𝑡𝑡+1 − 30)  (7) 

 

 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡 = clip   (31 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡
7

,   0,   1)  (8) 

 
 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 = 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡   max  (0,  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) + 0.5 max  (0,  𝑇𝑇𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)  (9) 

 
 

	 (5)

where:	vt is the comfort violation, Eproxy, t is the de-
signed setpoint-dependent energy proxy, 
and the final term penalises abrupt set-
point changes. 

The comfort violation is defined using the 
predicted next indoor temperature Tt+1. During 
occupied periods, the accepted comfort band is 
25–27 °C (ISO, 2005; ANSI/ASHRAE, 2020), 
and vt is given by Equation 6:

	

 

 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑇𝑇𝑡𝑡 + 𝛼𝛼(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡−𝑇𝑇𝑡𝑡)  (1) 

 
 

 𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  [ 2.0 − 0.4(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡−24),  0,  2.0 ]  (2) 
 

 𝐶𝐶𝑡𝑡 = {min   (𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡,  𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)) ,  if 𝑇𝑇𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡 + Δ𝑇𝑇𝑑𝑑𝑑𝑑
 0, otherwise 

 (3) 

 
 

  𝑇𝑇𝑡𝑡+1 = 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐶𝐶𝑡𝑡  (4) 

 
Rt = −4×vt

2 − 0.35×Eproxy,t – 
– 0.02×|Tsp, t − Tsp, t−1| 

 (5) 

 
 

 𝑣𝑣𝑡𝑡 = {
25 − 𝑇𝑇𝑡𝑡+1, 𝑇𝑇𝑡𝑡+1 < 25

0, 25 ≤ 𝑇𝑇𝑡𝑡+1 ≤ 27
𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27

 (6) 

 
 𝑣𝑣𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚  (0,  𝑇𝑇𝑡𝑡+1 − 30)  (7) 

 

 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡 = clip   (31 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡
7

,   0,   1)  (8) 

 
 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 = 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡   max  (0,  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) + 0.5 max  (0,  𝑇𝑇𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)  (9) 

 
 

	 (6)

During unoccupied periods, only overheating 
above 30 °C is penalised, as given by Equation 7:

	

 

 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑇𝑇𝑡𝑡 + 𝛼𝛼(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡−𝑇𝑇𝑡𝑡)  (1) 

 
 

 𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  [ 2.0 − 0.4(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡−24),  0,  2.0 ]  (2) 
 

 𝐶𝐶𝑡𝑡 = {min   (𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡,  𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)) ,  if 𝑇𝑇𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 > 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡 + Δ𝑇𝑇𝑑𝑑𝑑𝑑
 0, otherwise 

 (3) 

 
 

  𝑇𝑇𝑡𝑡+1 = 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝐶𝐶𝑡𝑡  (4) 

 
Rt = −4×vt

2 − 0.35×Eproxy,t – 
– 0.02×|Tsp, t − Tsp, t−1| 

 (5) 

 
 

 𝑣𝑣𝑡𝑡 = {
25 − 𝑇𝑇𝑡𝑡+1, 𝑇𝑇𝑡𝑡+1 < 25

0, 25 ≤ 𝑇𝑇𝑡𝑡+1 ≤ 27
𝑇𝑇𝑡𝑡+1 − 27, 𝑇𝑇𝑡𝑡+1 > 27

 (6) 

 
 𝑣𝑣𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚  (0,  𝑇𝑇𝑡𝑡+1 − 30)  (7) 

 

 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡 = clip   (31 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡
7

,   0,   1)  (8) 

 
 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑡𝑡 = 𝑓𝑓𝑠𝑠𝑠𝑠,𝑡𝑡   max  (0,  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) + 0.5 max  (0,  𝑇𝑇𝑡𝑡 − 𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡)  (9) 

 
 

	 (7)

The setpoint-dependent scaling factor and the 
resulting energy proxy are defined by Equations 8 
and 9, respectively: 

	

 

 𝑇𝑇𝑡𝑡
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑇𝑇𝑡𝑡 + 𝛼𝛼(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑡𝑡−𝑇𝑇𝑡𝑡)  (1) 

 
 

 𝑠𝑠(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  [ 2.0 − 0.4(𝑇𝑇𝑠𝑠𝑠𝑠,𝑡𝑡−24),  0,  2.0 ]  (2) 
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The proxy therefore depends on the selected 
setpoint and on the contemporaneous outdoor and 
indoor temperatures. It carries no physical unit, 
was not calibrated against EnergyPlus cooling 

loads, measured HVAC electricity, compressor 
power, or equipment-level energy use, and is not 
intended to estimate kWh. The resulting reward 
ranking is an internal benchmark quantity and 
cannot by itself support a simulation-based ener-
gy-saving claim.

The Deep Q-Network (DQN; Mnih et al., 
2015) received the eight-dimensional state vec-
tor and produced one Q-value for each candidate 
cooling setpoint. The network comprised two 
fully connected hidden layers of 64 ReLU units 
and a linear output layer. Training used experience 
replay, a target network, epsilon-greedy explora-
tion, the Adam optimiser, and the Huber loss. The 
network comprised seven action outputs. Occu-
pancy-invalid actions were masked during action 
selection, while the bootstrap target was computed 
from the maximum of the seven target-network 
outputs. Each episode contained 72 hourly steps, 
and training used 1,000 episodes for each of three 
random seeds. The discount factor was 0.99, the 
learning rate was 1 × 10⁻³, the batch size was 64, 
and the replay-buffer capacity was 20,000 transi-
tions. Epsilon decreased from 1.0 to 0.05 with a 
decay factor of 0.992, and the target network was 
updated every 20 episodes. The five evaluation 
windows were excluded from training, and evalu-
ation used deterministic greedy action selection.

Throughout this study, “policy” denotes a 
state-to-action mapping evaluated within the 
simplified benchmark. The three neural networks 
obtained from random seeds 0–2 are referred to 
as the trained DQN policies. A “seed-specific 
DQN action sequence” denotes the actual hourly 
setpoints selected by one of these policies over 
the evaluation windows. “Rule” denotes deter-
ministic setpoint-selection logic evaluated within 
the simplified benchmark, whereas “schedule” 
denotes a prescribed sequence of thermostat set-
points used in the EnergyPlus simulations. The 
DQN-derived mean setpoint approximation was 
implemented as a 27/28 °C rule in the simplified 
benchmark and as a 27/28 °C thermostat schedule 
in EnergyPlus. It is not an exact hourly replay of 
any trained DQN policy.

Closed-loop policy-influence audit

The audit determines whether a policy merely 
selects different setpoints or actually changes the 
thermal state. At each evaluated state, the next 
indoor temperature is computed counterfactually 
for every valid action a, and the available thermal 
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authority is the span between the maximum and 
minimum counterfactual next-state temperatures; 
authority is considered present when this span ex-
ceeds 0.10 °C. The realised thermal effect of the 
selected action is the magnitude of its cooling cor-
rection relative to the passive trajectory; an actual-
effect hour is counted when it exceeds 0.10 °C. 
The authority-use ratio is the number of actual-
effect hours divided by the number of available-
authority hours. A cooling activation is recorded 
whenever the cooling correction is non-zero.

The audit was applied to five 72-state win-
dows: the peak-summer calibration window, three 
seasonal holdout windows (warm shoulder, early 
summer, and late summer), and an independent 
high-demand stress-test window. The stress-test 
window extended from 30 July 2001 at 00:00 to 1 
August 2001 at 23:00 in the TMY calendar; these 
timestamps identify positions in the representa-
tive weather sequence rather than an observed 
historical event. Its outdoor dry-bulb temperature 
had a mean of 24.59 °C, a minimum of 22.24 °C, 
and a maximum of 28.15 °C. The window was 
selected independently of the month-constrained 
calibration and holdout windows because it had 
the highest overnight minimum outdoor tempera-
ture among the five evaluation windows, 22.24 
°C during the 00:00–07:59 period. It was not the 
window with the highest peak temperature, as the 
peak-summer calibration window reached 31.63 
°C. The high overnight minimum limits passive 
nighttime cooling and therefore increases the like-
lihood that an active cooling correction could be-
come necessary. At the initial time step, the indoor 
temperature was 26 °C in both thermal zones, the 
cooling setpoint was 26 °C, and the apartment 
was occupied by four occupants. Because the fi-
nal state has no successor within the selected win-
dow, each 72-state trajectory provides 71 evalu-
able hourly transitions. The four calibration and 
seasonal holdout windows each contributed 42 
available-authority hours, whereas the stress-test 
window contributed 41 h, corresponding to 19.6% 
of the total 209 h. No realised thermal effect or 
cooling activation occurred during the stress-test 
window under any evaluated policy.

Simulation-based assessment with EnergyPlus

Because a within-benchmark ranking cannot 
by itself support building-level energy claims, the 
candidate thermostat schedules were evaluated 
using full annual EnergyPlus simulations. Four 

cooling thermostat schedules were simulated un-
der two contrasting Moroccan climates: the opti-
mised schedule (27/30 °C), the occupancy-based 
schedule (26/30 °C), the fixed setpoint schedule 
(26 °C), and the DQN-derived mean setpoint 
schedule (27/28 °C). 

All annual cases used the same building 
model, occupancy and internal-gain assumptions, 
Ideal Loads system, and, within each climate, the 
same weather file. Their occupied cooling set-
points remained within the prescribed 25–27 °C 
comfort band. The comparison is therefore com-
fort-constrained at the prescribed setpoint level. 
However, it does not establish exact equivalence 
of operative temperature, PMV/PPD, or occu-
pant-experienced comfort among the schedules. 
The cooling-demand ranking is interpreted sub-
ject to this limitation.

The two climates were Kenitra (Atlantic, 
mild) and Marrakech (semi-arid, hot), repre-
sented using TMYx EPW files downloaded from 
Climate.OneBuilding.org. According to the pro-
vider metadata, these files were constructed from 
NCEI ISD and ERA5 data over the 2011–2025 
period of record. The Kenitra simulations used 
MAR_RK_Kenitra.AP-Port.Lyautey.601200_
TMYx.2011-2025.epw, corresponding to Kenitra 
Airport–Port Lyautey (WMO 601200; 34.300° N, 
6.600° W; elevation 6.0 m; GMT+1). The Mar-
rakech simulations used MAR_MS_Marrakesh-
Menara.AP.602300_TMYx.2011-2025.epw, cor-
responding to Marrakesh–Menara Airport (WMO 
602300; 31.607° N, 8.036° W; elevation 467.9 m; 
GMT+1). The downloaded EPW files were used 
directly in EnergyPlus without modification; no 
bias correction, interpolation, resampling, or gap 
filling was applied. Calendar years attached to the 
processed hourly timestamps identify positions 
in the representative TMYx sequence rather than 
observed historical events.

Two modelling choices must be stated explic-
itly. First, the term “DQN-derived mean setpoint 
approximation” denotes an occupancy-condi-
tioned representation constructed from the cool-
ing setpoints selected by the three independently 
trained DQN policies over the five evaluation win-
dows. Across 1,065 evaluated actions, the mean 
selected setpoint was 26.632 °C during occupied 
periods (n = 627) and 28.048 °C during unoccu-
pied periods (n = 438). These values were round-
ed to the nearest degree, producing the two-level 
27/28 °C approximation. Within the simplified 
benchmark, this approximation was implemented 
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as the “DQN-derived mean setpoint rule”. In the 
EnergyPlus simulations, it was implemented as 
the “DQN-derived mean setpoint schedule”. The 
approximation therefore does not denote a mean 
discrete-action index, a mean audit result across 
random seeds, or a single representative seed. It 
is not an exact hourly replay of any trained DQN 
policy. Accordingly, its EnergyPlus results are 
interpreted as a simulation-based consistency as-
sessment of the mean setpoint behaviour.

Second, the cooling values reported by Open-
Studio/EnergyPlus represent the annual zone 
cooling thermal load delivered by the Ideal Loads 
Air System. They were converted to kWhth and 
do not represent equipment-level electricity 
consumption. An indicative electrical estimate, 
expressed in kWhel, was calculated by post-pro-
cessing the thermal load using a uniform seasonal 
COP of 3.0. Because the same COP was applied 
to every schedule, this conversion does not affect 
their relative ranking. Such EnergyPlus-based 
workflows can be implemented flexibly using 
Python-enabled tools (Bonnema et al., 2025).

RESULTS AND DISCUSSION

Calibration of the simplified environment

Calibration on the peak-summer window 
selected α* = 0.005, with MAE = 0.144 °C and 
RMSE = 0.196 °C on that trajectory. On the three 
independent holdouts the calibrated environment 
achieved a pooled MAE of 0.744 °C and RMSE 
of 0.816 °C, all per-window RMSE values staying 
below 1 °C. The per-window correlations (0.857–
0.950) are reported as a secondary indicator of 
temporal tendency only; agreement is assessed pri-
marily through the residual-based error metrics and 
the amplitude differences visible in Figure 3, since 
correlation alone does not establish amplitude 
agreement. The holdout trajectories show a visibly 
damped response and a systematic negative bias: 
pooled MAE and RMSE were 0.744 and 0.816 °C, 
respectively, pooled MBE was −0.743 °C, and the 
largest holdout error reached 1.442 °C. The ampli-
tude discrepancy is therefore explicitly visible in 
Figure 3 and limits the model to control oriented 
benchmarking; it should not be interpreted as a 
reduced-order EnergyPlus surrogate.

Internal audit: Available authority with 
limited realised effect

Across the five evaluation windows, alterna-
tive valid actions could have changed the next ther-
mal state during 209 hourly transitions, confirming 
the presence of measurable thermal authority. The 
DQN-derived mean setpoint rule and the three de-
terministic rules produced no realised thermal ef-
fect above the 0.10 °C threshold and no cooling ac-
tivation. The seed-specific DQN action sequences, 
however, revealed limited but non-zero activity: 
seed 0 produced one realised-effect hour and one 
cooling activation, corresponding to an authority-
use ratio of 0.005; seed 1 produced four realised-
effect hours and four activations, corresponding to 
a ratio of 0.019; and seed 2 produced no realised 
effect or cooling activation. The DQN-derived 
mean setpoint rule (27/28 °C) therefore masks rare 
control activity present in two of the three trained 
DQN policies. Accordingly, the trained policies, 
their seed-specific action sequences, and the mean 
setpoint approximation are reported separately 
in Table 2. The DQN-derived mean setpoint rule 
and the three deterministic rules produced the 
same indoor-temperature trajectory and an identi-
cal cumulative comfort component (−9.071): with 
α = 0.005, their selected actions did not activate 
cooling. The seed-specific DQN action sequences, 
however, showed rare trajectory departures for 
seeds 0 and 1, consistent with the one and four 
realised-effect hours reported in Table 2, respec-
tively, while seed 2 showed none. Consequently, 
the zero-activation and identical-trajectory result 
applies to the DQN-derived mean rule and the de-
terministic rules, not to every trained DQN policy. 
For the aggregate mean-rule and deterministic-rule 
cases, the ranking differences arose primarily from 
the designed energy proxy and, to a lesser extent, 
the switching penalty. The ranking obtained inside 
the benchmark is thus a ranking of setpoint-selec-
tion behaviour under the reward proxy, not of dem-
onstrated thermal control. While reward decompo-
sition is common in DRL–HVAC studies, we are 
not aware of prior work that separately quantifies 
available thermal authority and realised thermal ef-
fect within the same benchmark.

Reward ranking versus realised control 
evidence

Under the benchmark reward, the optimised 
27/30 °C rule obtained the highest mean reward 
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Figure 3. Comparison of the hourly indoor-temperature trajectories obtained from EnergyPlus and the simplified 
open-loop model for the peak-summer calibration window and three independent holdout windows. Residuals 
are calculated as the simplified-model temperature minus the EnergyPlus reference temperature. The dotted 

horizontal lines in the residual panels indicate the mean bias error (MBE), while MBE and mean absolute error 
(MAE) are reported for each window. The residuals reveal that the simplified model reproduces the general 

temporal tendency but systematically underestimates the response amplitude during the holdout periods. 
The separately selected stress-test window is documented in the closed-loop audit analysis.

(−2.501), followed by the occupancy rule (26/30 
°C; −3.159), the DQN-derived mean setpoint rule 
(−4.178), and the fixed-26 °C rule (−9.960). This 
ordering remained unchanged when alternative 
reward weights were applied post hoc to the fixed 
evaluated trajectories, without DQN retraining 
(details are provided in the repository). Two facts 
qualify this ranking. First, the leading cases share 
the same cumulative comfort component, so their 

reward differences are driven primarily by the de-
signed energy proxy. Second, the DQN-derived 
mean setpoint rule and the three deterministic 
rules produced no cooling activation or realised 
thermal effect, whereas the seed-specific DQN 
action sequences showed limited but non-zero 
activity for seeds 0 and 1, using at most 1.9% of 
the available thermal authority. The benchmark 
ranking therefore cannot by itself support claims 
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of superior thermal control or building cooling-
energy savings, which motivates the subsequent 
simulation-based EnergyPlus assessment.

Simulation-based assessment with 
EnergyPlus

Table 3 reports the annual cooling demand 
of the four thermostat schedules under both cli-
mates, with the indicative COP-based electrical 
estimate. Three observations follow. 

The cooling-demand reductions relative to the 
fixed 26 °C schedule provide an energy-saving 
interpretation of the EnergyPlus results. The opti-
mised 27/30 °C schedule reduced specific thermal 
cooling demand by 20.5% in Kenitra and 17.0% in 
Marrakech, while the DQN-derived mean setpoint 

schedule reduced it by 13.0% and 11.6%, respec-
tively. These results show that the EnergyPlus 
stage provides a simulation-based environmental-
engineering assessment of the energy-saving po-
tential of the evaluated thermostat schedules. The 
apparent contrast arises because the closed-loop 
audit evaluates the internal dynamics of the sim-
plified benchmark, whereas the full-building En-
ergyPlus simulations evaluate annual zone cool-
ing thermal loads under scheduled thermostat set-
points. The DQN-related values therefore apply to 
the mean setpoint schedule and do not represent 
an exact hourly replay of any trained DQN policy.

First, simulated cooling differences exist in 
both climates, not only in the hotter one. At Keni-
tra the cooling demand ranges from 36.0 kWhth/
m²·yr (27/30) to 45.3 kWhth/m²·yr (fixed 26); 

Table 2. Closed-loop policy-influence audit across the five evaluation windows

Audit case Available 
authority (h)

Realised effect 
(h)

Cooling 
activations

Authority-use 
ratio

DQN seed 0 action sequence 209 1 1 0.005

DQN seed 1 action sequence 209 4 4 0.019

DQN seed 2 action sequence 209 0 0 0.000

DQN-derived mean setpoint rule (27/28 °C) 209 0 0 0.000

Optimised rule (27/30 °C) 209 0 0 0.000

Occupancy rule (26/30 °C) 209 0 0 0.000

Fixed setpoint rule (26 °C) 209 0 0 0.000

Note: available thermal authority was evaluated over 209 hourly transitions for each audit case. The seed-specific 
rows report the actual hourly action sequences selected by the three trained DQN policies. The DQN-derived mean 
setpoint rule is a two-level occupancy-conditioned approximation obtained by rounding the occupied and unoccupied 
mean selected setpoints to 27 °C and 28 °C, respectively. It is not an exact replay of any trained DQN policy.

Table 3. Annual thermal cooling demand and energy-saving potential of the four thermostat schedules under two 
contrasting Moroccan climates, based on full-year EnergyPlus simulations using the Ideal Loads Air System

Thermostat schedule Climate
Thermal cooling 

demand 
(kWhth/yr) 

Specific thermal 
cooling demand 

(kWhth/m2·yr)

Indicative annual 
electricity use 

(kWhel/yr, COP=3)

Reduction vs 
fixed 26 (%)

Optimised schedule (27/30 °C) Kenitra 2881 36.0 960 20.5
DQN-derived mean setpoint 
schedule (27/28 °C) Kenitra 3150 39.4 1050 13.0

Occupancy schedule (26/30 °C) Kenitra 3614 45.2 1205 0.2

Fixed setpoint schedule (26 °C) Kenitra 3628 45.3 1209 0.0

Optimised schedule (27/30 °C) Marrakech 4064 50.8 1355 17.0
DQN-derived mean setpoint 
schedule (27/28 °C) Marrakech 4325 54.1 1442 11.6

Occupancy schedule (26/30 °C) Marrakech 4808 60.1 1603 1.8

Fixed setpoint schedule (26 °C) Marrakech 4895 61.2 1632 0.0

Note: The DQN-derived row reports the 27/28 °C mean setpoint schedule constructed from the occupied and 
unoccupied mean setpoints selected by the three trained DQN policies. It is a rounded occupancy-conditioned 
approximation and not an exact hourly replay of any trained DQN policy.
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at Marrakech it ranges from 50.8 to 61.2 kWhth/
m²·yr. Marrakech provides a higher-demand con-
trast case (about +41% for the 27/30 schedule 
relative to Kenitra) but does not introduce a quali-
tatively different ranking.

Second, the simulated cooling-demand rank-
ing is stable across both climates: 27/30 < DQN 
< 26/30 < fixed 26. The most relaxed occupancy-
aware schedule consumes least, and the always-
on fixed setpoint consumes most, as expected. 
The gap between 26/30 and fixed 26 is small in 
both climates: at Kenitra the two are near-equiva-
lent in simulated demand (45.2 versus 45.3 kWhth 
/m²·yr, within EnergyPlus rounding), and only at 
Marrakech does a clear separation appear.

Figure 4 shows the corresponding cooling de-
mand by thermostat schedule and climate. Third, the 
EnergyPlus schedule ranking only partly matches 
the within-benchmark rule ranking reported in Ta-
ble 4. The proxy correctly identifies the optimised 
27/30 °C case as the best and the fixed 26 °C case as 
the worst, but it inverts the two intermediate cases. 
Within the simplified benchmark, the 26/30 °C oc-
cupancy rule outranks the DQN-derived mean set-
point rule (−3.159 versus −4.178). In the EnergyP-
lus simulations, however, the DQN-derived mean 

setpoint schedule has a lower cooling demand than 
the 26/30 °C occupancy schedule and therefore 
ranks second rather than third. This inversion is 
consistent across both climates.

 The mean setpoint schedule receives a larger 
proxy penalty mainly because its approximate 
unoccupied setpoint of 28 °C is lower than the 
30 °C unoccupied setpoint of the occupancy-
based schedule. The proxy penalises this differ-
ence strongly, whereas the EnergyPlus results 
indicate that it has a smaller effect on annual 
cooling thermal demand than the proxy implies. 
The proxy therefore preserves the lowest- and 
highest-demand schedules while materially mis-
ranking the two intermediate schedules. This in-
version is consistent across both climates because 
the EnergyPlus-based schedule ranking is identi-
cal in Kenitra and Marrakech.

Why the decoupling appears, and why the 
audit is needed

The internal decoupling is not an algorith-
mic failure but a structural property of the cali-
brated benchmark. The value α = 0.005 was se-
lected because it best matches the EnergyPlus 

Figure 4. Annual specific thermal cooling demand of the four thermostat schedules under the two contrasting 
Moroccan climates, Kenitra and Marrakech. The DQN-derived mean setpoint schedule is a rounded 27/28 
°C occupancy-conditioned approximation and not an exact hourly replay of any trained DQN policy. Each 
bar represents one deterministic annual EnergyPlus simulation using one TMYx weather file and the same 

occupancy profile and internal-gain assumptions. No statistical error bars are shown because no probabilistic 
uncertainty or repeated-simulation distribution was generated. The separate Kenitra and Marrakech results 

provide the two-climate ranges examined in this study
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indoor-temperature trajectory, where thermo-
stat control keeps the indoor temperature be-
low the setpoint; in that regime, passive drift 
rarely crosses the cooling-activation threshold, 
so few transitions produce distinct thermal out-
comes and the reward gradient gives a weak 
learning signal, consistent with the persistent 
inter-seed variance observed during training. A 
further design factor is that the occupied-period 
action ceiling (27 °C) coincides with the op-
timised rule’s occupied setpoint. This narrows 
the range over which the DQN can differentiate 
itself. The decoupling therefore emerges from 
the joint effect of thermal calibration, action 
space, and reward formulation.

Together, the two analyses point in the same 
direction. Inside the benchmark, reward differ-
ences exist with very limited realised thermal 
control: the DQN-derived mean setpoint rule 
and the three deterministic rules produced no 
cooling activation or realised thermal effect, 
while the seed-specific DQN action sequences 
used at most 1.9% of the available thermal au-
thority. Outside the benchmark, EnergyPlus 
shows that the schedules do differ in simulated 
cooling demand, and that the proxy ranking 
is only partly faithful: correct on the best and 
worst schedules, but misleading for the inter-
mediate ranking between the DQN-derived 
mean setpoint schedule and the 26/30 °C oc-
cupancy schedule in the EnergyPlus simula-
tions. Neither view alone is sufficient: a with-
in-benchmark reward ranking can hide how 
little control is exercised, while a full-building 
simulation alone would miss the proxy-induced 
misranking. This is the central argument for the 
proposed audit: it prevents reward quality, cali-
bration quality, available authority, and realised 

effect from collapsing into a single number. 
The framework does not claim that RL is in-
ferior to rule-based control; it shows that, for 
this environment and reward, reward improve-
ment must be audited against simulation-based 
cooling-energy indicators before any control or 
savings claim is made.

These findings are subject to three limitations 
that bound their scope. First, the audit results de-
scribe a single 80 m² apartment under two Mo-
roccan climates and one reward formulation; the 
zero-activation regime reported here is a prop-
erty of this calibrated benchmark rather than a 
general feature of DQN control, and it should 
not be generalised to other buildings, climates, 
or reward designs. Second, the EnergyPlus stage 
evaluated the DQN through a rounded 27/28 °C 
occupancy-conditioned mean setpoint schedule, 
not an exact hourly replay of any trained policy, 
so the reported ranking inversion applies to that 
approximation rather than to a specific trained 
network. Third, the comparison is comfort-con-
strained at the prescribed occupied-setpoint lev-
el: under the Ideal Loads Air System the occu-
pied cooling setpoints are met at every occupied 
hour by construction, but this does not establish 
equivalence of operative temperature, PMV, or 
PPD across schedules, which would require a 
separate thermal-comfort analysis.

The methodological contribution, by con-
trast, is not restricted in the same way. Separat-
ing the thermal authority available to a policy 
from the thermal effect it actually exerts, and 
checking a benchmark reward ranking against 
full-building simulation, are transferable to 
other buildings, climates, reward formulations, 
and control algorithms.

Table 4. Within-benchmark proxy ranking of the setpoint rules versus the EnergyPlus cooling-demand ranking of 
the corresponding thermostat schedules for Kenitra

Setpoint case Proxy reward 
(Kenitra) Proxy rank Simulated cooling, 

Kenitra (kWhth /m²·yr) Simulated rank

Optimised 27/30 °C −2.501 1 36.0 1

Occupancy 26/30 °C −3.159 2 45.2 3
DQN-derived mean approximation 
(27/28 °C) −4.178 3 39.4 2

Fixed 26 °C −9.960 4 45.3 4

Note: within the simplified benchmark, the four cases are evaluated as setpoint-selection rules. In EnergyPlus, 
the corresponding setpoints are implemented as thermostat schedules. The DQN-derived mean approximation is 
evaluated as a 27/28 °C rule in the benchmark and as the corresponding 27/28 °C schedule in EnergyPlus; it is not 
an exact replay of a trained DQN policy. The EnergyPlus ranking is identical for Marrakech.
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CONCLUSIONS

This study developed and applied a closed-loop 
audit for reinforcement-learning and rule-based 
cooling-setpoint policies, and paired it with simula-
tion-based assessment in a detailed building energy 
model. The motivating concern was that ranking 
such policies by benchmark reward implicitly as-
sumes reward improvement reflects improved ther-
mal control and reduced cooling demand. We show 
that this assumption is structurally fragile.

A lightweight first-order thermal environment 
was calibrated against EnergyPlus data for an 80 
m² Moroccan apartment, reproducing mean indoor-
temperature levels on independent holdout windows 
with sub-degree error. Within this environment, 
we compared the three trained DQN policies with 
three deterministic setpoint rules and used the audit 
to separate the thermal authority available to each 
policy from the thermal effect it actually exerted.

The audit showed that measurable ther-
mal authority was available during 209 hourly 
steps. The DQN-derived mean setpoint rule and 
the three deterministic rules produced no cool-
ing activation or realised thermal effect above 
the selected threshold. In contrast, the seed-spe-
cific DQN action sequences showed limited but 
non-zero activity for seeds 0 and 1, while seed 
2 showed none. The mean setpoint rule therefore 
masks rare seed-specific control activity, and the 
zero-activation finding should not be generalised 
to all trained DQN policies.

Full annual EnergyPlus simulations under two 
contrasting Moroccan climates confirmed that sim-
ulated cooling differences between the schedules 
do exist, in both the milder and the hotter climate. 
Relative to the fixed 26 °C setpoint, the optimised 
occupancy-aware schedule (27/30 °C) reduced the 
specific thermal cooling demand by 20.5% in Keni-
tra and 17.0% in Marrakech. These reductions pro-
vide a simulation-based basis for assessing the en-
ergy-saving relevance of intelligent cooling-control 
strategies in climate-sensitive residential buildings.

The quantitative findings are specific to the 
studied 80 m² apartment, the prescribed thermo-
stat schedules, and the two Moroccan TMYx 
climates, and they do not establish performance 
in other buildings, HVAC configurations, oc-
cupancy patterns, or climates. The broader con-
tribution is methodological: the proposed audit 
distinguishes reward optimisation, available 
thermal authority, realised thermal control, and 
simulation-based cooling demand.
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