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Abstract

CORE-EMS is a reinforcement-learning framework
for smart building energy management. We deploy
a centralized Soft Actor–Critic (SAC) controller in
CityLearn to issue continuous actions for cooling
equipment and thermal storage across multiple Saudi
climates. The reward balances three operational
objectives—thermal comfort, smooth operation (low
ramping), and reliability under outages—while the
environment enforces device limits and grid metrics.
We benchmark against a rule-based controller (RBC)
and a practical model predictive control (MPC) base-
line. Results show that SAC achieves baseline-level
grid performance while substantially improving com-
fort and smoothness, demonstrating a viable, data-
driven pathway for practical building control under
flat tariffs.

1 Introduction

The building sector in Saudi Arabia accounts for ap-
proximately 30% of the total energy consumption in
the Kingdom [1], with the majority driven by cooling
demands due to the hot climate. These high lev-
els of energy consumption increase operational costs
for households, and place a significant burden on the
national power grid, especially during peak hours in
summer. Therefore, improving the efficiency of build-
ing energy management is a critical priority in achiev-
ing the Kingdom’s sustainability goals, as outlined in
Vision 2030.

Building Energy Management Systems (BEMS)

have emerged as a key technology for addressing these
challenges. It works by monitoring and controlling
devices such as HVAC systems, lighting, and energy
storage units (ESUs). BEMS aim to improve en-
ergy efficiency, reduce operational costs, and main-
tain acceptable levels of occupant comfort. In addi-
tion, modern BEMS are increasingly expected to sup-
port grid-interactive features such as load shifting,
demand response, and the integration of renewable
energy sources, making them central to the transi-
tion towards smart and sustainable cities.

Despite these promises, most current BEMS im-
plementations remain relatively simplistic. They are
usually based on fixed schedules, rule-based control
(RBC), or short-horizon predictive models such as
model predictive control (MPC). While these ap-
proaches can reduce consumption to some extent,
they often fall short when dealing with long-term de-
pendencies, nonlinear dynamics, or the stochastic na-
ture of real-world building environments.

Another important limitation lies in their inability
to address multiple, and often conflicting, objectives
simultaneously. For example, strategies that mini-
mize operational cost may compromise thermal com-
fort, while comfort-oriented strategies may increase
energy use and carbon emissions. Balancing these
trade-offs is critical for ensuring that BEMS do not
simply optimize one dimension at the expense of oth-
ers. This gap highlights the need for more advanced,
data-driven approaches capable of capturing system
dynamics, learning from historical patterns, and co-
ordinating multiple objectives in real time.

Recent advancements in Reinforcement Learning
(RL) have been applied to building energy manage-
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ment, where agents learn control policies through in-
teraction with the environment. RL agents can learn
the control policy, and manage the devices of the
building, by interacting with the environment.

In this paper, we introduce CORE-EMS, a Rein-
forcement Learning framework for intelligent build-
ing energy management. CORE-EMS incorporates
four key dimensions; Comfort, Operational cost, Re-
silience, and Energy Intelligence, into the reward
function that guides the agent’s behavior. The frame-
work leverages a Transformer-based dynamics model
for accurate prediction of building thermal behavior,
coupled with a reinforcement learning agent for adap-
tive decision-making. To benchmark performance, we
compare CORE-EMS with rule-based and model pre-
dictive control baselines on simulated Saudi residen-
tial buildings.

2 Literature Review

2.1 Rule-Based Control (RBC)

Early approaches to building energy management
have relied heavily on rule-based control (RBC),
where predefined heuristics or simple if-then rules
are used to regulate heating, ventilation, and air-
conditioning (HVAC) systems, lighting, and ESUs.
The main advantage of RBC is its simplicity: rules
are easy to design, require minimal computational
resources, and can be implemented without detailed
system models. However, RBC strategies are inher-
ently rigid and unable to adapt to dynamic operating
conditions such as variations in occupancy, weather,
or electricity prices. As a result, while RBC can
achieve modest reductions in energy use, its effective-
ness is limited in modern smart building applications.

2.2 Model Predictive Control (MPC)

Model predictive control (MPC) has emerged as a
more advanced strategy for building energy manage-
ment. MPC optimizes control actions by solving a
constrained optimization problem over a finite pre-
diction horizon, using forecasts of disturbances such
as weather and occupancy. Its main strengths are

the ability to incorporate system constraints explic-
itly and to leverage forecasts for proactive decision-
making. However, practical applications of MPC
in buildings face several challenges[2]. First, de-
veloping accurate physics-based building models is
time-consuming and requires domain expertise. Sec-
ond, solving optimization problems in real time can
be computationally intensive, particularly for large-
scale systems with nonlinear dynamics. Finally, while
MPC can in theory handle multiple objectives by for-
mulating a weighted-sum optimization problem, tun-
ing such weights is non-trivial and often results in
oversimplified trade-offs between comfort, cost, and
energy efficiency [3]. These limitations hinder the
scalability and flexibility of MPC for real-world de-
ployment.

2.3 Reinforcement Learning (RL) in
Building Control

Reinforcement learning (RL) has recently gained at-
tention as a promising alternative for building en-
ergy management. Unlike MPC, which requires ex-
plicit system models, RL agents learn control policies
through trial-and-error interaction with the environ-
ment [4]. This makes RL particularly well-suited for
environments with nonlinear dynamics, uncertainty,
and stochastic variations in demand and weather. RL
methods have been applied to tasks such as HVAC
control, energy storage scheduling, and demand re-
sponse. They offer several advantages, including the
ability to capture long-term dependencies and adapt
to changing conditions. Nonetheless, RL faces its
own challenges: training is data-intensive, ensuring
safety and comfort constraints is difficult during ex-
ploration, and interpretability of learned policies re-
mains limited. Recent advances, such as model-based
RL and the integration of deep neural networks, have
improved sample efficiency and stability, but the field
remains under active research.

2.4 Multi-Objective Optimization in
BEMS

A critical challenge in building energy management
lies in balancing multiple, often conflicting, objec-
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tives. For example, minimizing energy cost may come
at the expense of occupant comfort, while strategies
that prioritize comfort can increase consumption and
carbon emissions. Traditional RBC and MPC ap-
proaches typically reduce these objectives to a sin-
gle weighted-sum formulation, which oversimplifies
the inherent trade-offs. Recent studies have explored
multi-objective reinforcement learning (MORL) to
address this issue, enabling agents to learn policies
that explicitly account for competing objectives and
to approximate Pareto-optimal trade-offs [5]. How-
ever, applications of MORL in building energy man-
agement are still limited, and more research is needed
to translate theoretical advances into practical con-
trol frameworks.

2.5 Regional Studies and Saudi Con-
text

Most of the existing literature on BEMS originates
from Europe, North America, and East Asia, where
energy consumption patterns and climatic conditions
differ significantly from those in Saudi Arabia. In
the Saudi context, residential cooling demand is the
dominant driver of electricity consumption, account-
ing for a substantial share of peak load during sum-
mer [1]. Despite this, relatively few studies have
investigated advanced building control methods tai-
lored to the Kingdom’s unique climatic, cultural, and
infrastructural conditions. The scarcity of region-
specific research creates a gap in understanding how
advanced frameworks such as RL-based BEMS can
be adapted to Saudi buildings. Addressing this gap
is critical for supporting the Kingdom’s sustainability
targets under Vision 2030.
While RBC and MPC remain the most widely

adopted approaches for BEMS, they suffer from
rigidity, high modeling effort, and limited adapt-
ability. Data-driven and RL-based approaches offer
promising alternatives, with RL in particular show-
ing potential for adaptive, long-term, multi-objective
decision-making. However, their application in the
Saudi context remains underexplored. This moti-
vates the development of frameworks such as CORE-
EMS, which leverage reinforcement learning to incor-
porate comfort, operational cost, resilience, and en-

ergy intelligence into a unified building energy man-
agement strategy.

3 Methodology

This section describes the problem formulation, en-
vironment and dataset, reward design, agent archi-
tecture, and the training/evaluation protocol used in
CORE-EMS. The implementation follows the pub-
lic code in our project repository (agents, training
scripts, and evaluation utilities).

3.1 Problem Formulation

We model building energy management as a Markov
Decision Process (MDP). At each hourly time step t
the agent observes a state st, applies a continuous ac-
tion at, receives a scalar reward rt, and the CityLearn
environment advances to the next state st+1.

• State st: concatenation of per-building observa-
tions such as month/hour/day-type, indoor and
outdoor temperatures, solar irradiance, cooling
demand, electricity price, and storage state-of-
charge.

• Action at: continuous control of cool-
ing device intensity ([0, 1]), cooling stor-
age charge/discharge, and DHW storage
charge/discharge (bounded by device limits).
In our main setup, we use a centralized policy
that outputs a single action vector covering all
buildings.

• Transition: st+1 = fenv(st,at,ωt) where fenv is
the CityLearn simulator and ωt captures exoge-
nous inputs (weather, non-shiftable loads, occu-
pancy proxies).

The control objective is to maximize the expected
discounted return

J(π) = Eπ

[
T∑

t=0

γt rt

]
, γ ∈ (0, 1]. (1)
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Figure 1: Dataset pipeline: hourly weather (Riyadh,
Jeddah, Abha) feeds EnergyPlus to simulate building
loads; the resulting traces are used by CityLearn for
8,760 hourly steps (1 year).

3.2 Environment and Dataset

We use the CityLearn environment[6] configured with
three residential-style buildings and Saudi weather
files (Riyadh, Jeddah, Abha). Episodes span one
simulation year (8,760 hourly steps). Building load
traces are generated from EnergyPlus[7] and provided
to CityLearn as CSV files; CityLearn handles the
state transition, constraints, and KPI computation.
The environment is run in central-agent mode so that
one policy controls all buildings jointly.

3.3 Reward Function

The reward mirrors the operational objectives im-
plemented in the codebase: thermal comfort around
a setpoint, smooth operation (low ramping of net
power), and reliability during outages (serve non-
shiftable load when possible). For building i at time

t:

∆T
(i)
t = T

(i)
in,t − T

(i)
set,t, (2)

err
(i)
t = max

(
0,

∣∣∣∆T
(i)
t

∣∣∣− δ
)
·

{
m, ∆T

(i)
t < 0

1, otherwise
,

(3)

ramp
(i)
t =

∣∣∣P (i)
t − P

(i)
t−1

∣∣∣ , (4)

out
(i)
t = 1{o(i)t = 1} max

(
0, NSL

(i)
t − P

(i)
t

)
. (5)

The per-building reward and the centralized aggre-
gation are

r
(i)
t = −0.3 err

(i)
t − 0.15 ramp

(i)
t − 0.1 out

(i)
t , (6)

Rt =
1

N

N∑
i=1

r
(i)
t , (7)

where Tin is indoor temperature, Tset a cooling set-
point, δ is a small deadband, m > 1 increases penalty
when too cold, P is net electricity, NSL is non-
shiftable load, and ot flags outages.

3.4 Agent Architecture (SAC)

We use Soft Actor–Critic (SAC) implemented with
Stable Baselines3[8]. Observations and actions
are flattened via a wrapper that ensures strict
bounds, handles NaNs/infs, and maps actions back
to CityLearn per-building vectors. The policy and
critics are multi-layer perceptrons with ReLU activa-
tions. Representative hyperparameters are: learning
rate 1 × 10−4, buffer size 105, batch size 128, dis-
count γ = 0.95, target update coefficient τ = 0.01,
entropy coefficient 0.1, training frequency every step,
and network widths [128, 128].

3.5 Training and Evaluation Protocol

Training is conducted with a centralized policy and
per-step updates using experience replay. We pe-
riodically save checkpoints and log episode returns.
For evaluation, we run deterministic rollouts on the
full-year episode and compute CityLearn challenge
KPIs. Our evaluation utilities normalize action
shapes for all agents to ensure comparability and ex-
port KPIs/plots (CSV/PNG) for analysis.
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Figure 2: Methodology overview: a centralized SAC
agent interacts with the CityLearn environment; the
reward balances comfort, smooth operation (ramp-
ing), and outage unserved energy.

3.6 Baselines

We compare against: (i) an improved RBC that
uses comfort bands for cooling and simple storage
heuristics; and (ii) a practical MPC baseline that
solves a short-horizon optimization and is mapped
to CityLearn actuators via a reverse-engineering step
for device intensities. All methods share the same
environment schema and KPI pipeline.

4 Experimental Results

4.1 Baselines in Detail

Rule-Based Controller (RBC). The RBC turns
the cooling device on when indoor temperature ex-
ceeds a comfort band above the setpoint and off oth-
erwise. Thermal storages follow simple heuristics:
charge when solar/cheap hours are available and dis-
charge during peak windows; actions are clipped to

device limits. This yields predictable behavior with
low compute but limited adaptability across seasons
and buildings.

Model Predictive Control (MPC). The MPC
baseline uses a receding horizon (short prediction
and control horizons) to plan setpoints and stor-
age charge/discharge subject to comfort and actuator
constraints. Because CityLearn expects device inten-
sities, we map the planned energy/setpoints to actu-
ator commands via a calibrated reverse-engineering
step; when the solver fails or is infeasible, a safe fall-
back policy is used. This baseline captures some look-
ahead but is sensitive to model/forecast errors and
solver settings.

4.2 Evaluation Metrics

We use CityLearn’s official KPIs. All values are nor-
malized and reported so that lower is better. Below
we give a plain-language definition for each metric
used in this paper:

• Discomfort proportion: Fraction of hours
when indoor temperature is outside the comfort
band around the setpoint. Captures occupant
comfort.

• Ramping average: Average hour-to-hour
change in net electricity consumption. Lower
values mean smoother, less jerky operation.

• Daily 1−load factor average: Measures how
flat the daily load profile is. A value near 0 in-
dicates a flatter (more efficient) daily profile.

• Daily peak average: Typical daily maximum
demand, normalized. Lower values reduce daily
peak stress on the grid.

• All-time peak average: Maximum demand
across the entire period, normalized. Lower val-
ues mean smaller absolute peaks.

• Annual normalized unserved energy: Por-
tion of required energy not served (e.g., during
outages). Lower is safer and more reliable.
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Metric RBC MPC SAC

Discomfort proportion 0.4242 0.4107 0.2287
Ramping average 1.1270 1.0069 1.0019
Daily peak average 0.9949 0.9611 0.9861
All-time peak average 1.2719 0.9559 0.9922
Daily 1−load factor avg 1.0249 1.0215 1.0091
Annual unserved energy 0.4360 0.5003 0.5270
Thermal resilience (1−) 0.4244 0.4099 0.2239

Table 1: District-level KPIs (lower is better). Win-
ners are bolded. SAC strongly reduces discomfort
and ramping; MPC slightly lowers peaks and con-
sumption; aggregate differences are modest due to
static operational pricing.

• Thermal resilience (1−): Proxy for resilience
under stress; lower values indicate fewer/shorter
comfort violations during difficult periods.

4.3 Results Summary

Table 1 compares district-level KPIs across RBC,
MPC, and SAC. Values are normalized, and lower
is better.

4.4 Findings

Comfort and smoothness. SAC achieves the low-
est discomfort and near-minimal ramping, indicating
smoother operation without frequent on/off swings.
Peaks and consumption. MPC edges out on

daily and all-time peaks and attains the lowest elec-
tricity consumption, consistent with short-horizon
planning aligned to device/constraint limits.
Resilience proxy. The (1−thermal resilience)

metric is lowest for SAC, reflecting fewer and smaller
comfort violations during stress periods.
Static pricing effect. With largely static

operational pricing in this Saudi setup, tempo-
ral incentives are weak; consequently, RBC, MPC,
and SAC converge to similar aggregate scores
and grid-facing KPIs. Differences emerge pri-
marily in comfort/ramping (favoring SAC) versus
peaks/consumption (slightly favoring MPC).
Parity with baselines. While SAC does not win

every KPI, it matches or closely tracks the baselines

on most grid metrics, while simultaneously delivering
the best comfort and smoothness. This demonstrates
that a single learned policy can attain baseline-level
efficiency without sacrificing comfort.

Practical takeaway. In environments with flat
tariffs and limited price signals, policy choice is driven
more by comfort targets and smoothness preferences
than by cost arbitrage; adding dynamic prices or DR
signals would likely widen performance gaps.

5 Conclusion

CORE-EMS demonstrates that a single, central-
ized SAC policy can manage building cooling and
thermal storage effectively across diverse Saudi cli-
mates. While SAC does not dominate every KPI, it
consistently attains grid-facing performance on par
with rule-based and MPC baselines and simultane-
ously delivers superior comfort and smoother opera-
tion. Under largely static operational pricing, these
methods converge to similar aggregate scores; never-
theless, SAC’s adaptability and comfort advantages
make it a compelling choice for real deployments.
Future work will incorporate dynamic tariffs and
demand-response signals, which we expect will am-
plify the benefits of learning-based control.
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