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HIGHLIGHTS

« A rule extraction (RE) framework distills control logic from optimized DRL agents.

« The process is tested on a heat pump equipped with a thermal energy storage.

« The RE controller was benchmarked against the best DRL agent and a standard RBC.
+ The RE controller was transferred across eight scenarios without retraining.

» The RE controller outperformed the RBC and closely matched DRL performance.

ARTICLE INFO ABSTRACT

Keywords: This paper proposes a framework to derive interpretable and transferable Rule Extraction (RE) controllers from
Deep reinforcement learning Deep Reinforcement Learning (DRL) control agents. Despite their strong performance in predictive energy man-
Rule extraction agement, model free and model based controllers face limited adoption due to complexity, computational cost,

Building energy management
Co-simulation environment
HVAC systems

Optimal control

and low interpretability. The proposed RE approach translates DRL policies into simple, transparent, and scal-
able rule sets. The approach was tested on a heating system composed of an air-to-water Heat Pump (HP), a
Thermal Energy Storage (TES) tank that also serves as a hydraulic separator, and fan coil units in a single-zone
building, under the climate conditions of Turin (Northern Italy). The methodology follows a multi-stage process.
High performing DRL agents were first identified through co-simulation and an optimization routine. A decision
tree procedure then extracted if else rules, aggregated into a single interpretable RE controller. This controller
was benchmarked against the best DRL agent and a standard Rule Based Controller (RBC). In the reference case,
the RE outperformed the RBC and matched the DRL, retaining the original control logic. The RE controller was
deployed without retraining across eight scenarios with different occupancy profiles, climates, and TES sizes. In
all cases, it ensured stable indoor temperature control and outperformed the RBC, achieving at least 7% energy
savings, 23% peak power reduction, and about 13% improvement in heat pump COP. The RE controller was also
compared with scenario specific DRL agents optimized for each context. Without retraining, it achieved on aver-
age 74% of their energy savings and 86% of their peak power reduction relative to the RBC. The results confirmed
the robustness and transferability of the framework, highlighting its potential for real-world deployment.

1. Introduction power grid and local renewable generation [2,3]. Their large share of
electricity demand, combined with thermal inertia and the increasing
use of controllable technologies such as HPs, thermal storage, electri-
cal storage, and responsive loads, makes them well suited to provide
demand-side flexibility [4,5]. This flexibility allows buildings to adjust
their energy consumption in response to external signals and system

Buildings account for nearly 30% of global final energy consumption
and about 26% of energy-related CO, emissions, which makes them a
central sector in the transition to low-carbon energy systems [1]. Once
treated as passive consumers, buildings are now expected to operate as
active components of future energy networks, interacting with both the
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\begin {equation}\begin {aligned} \text {If } 0 < \text {action} < 0.5:\quad & \begin {cases} \text {modHP} = \text {OFF} \\ \text {TSetHP} = \text {RWT} \end {cases} \\ \text {If } 0.5 \leq \text {action} \leq 1:\quad & \begin {cases} \text {modHP} = \text {ON} \\ \text {TSetHP} = \left ( \frac {60 - \max (45, \text {RWT})}{1 - 0.5} \right ) \text {action} + \max (45,\text {RWT}) \end {cases} \end {aligned} \label {eqn:Action_DRL}\end {equation}
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Acronym

BACS Building Automation and Control Systems
CART Classification and Regression Trees

COP Coefficient of Performance

CTREE Conditional Inference Trees

DRL Deep Reinforcement Learning

DT Decision Tree

FMI Functional Mock-up Interface

FMU Functional Mock-up Unit

HP Heat Pump

HVAC  Heating, Ventilation, and Air Conditioning

KPI Key Performance Indicator
MPC Model Predictive Control

OTL Online Transfer Learning

PI Proportional Integral

PID Proportional Integral Derivative
RBC Rule Based Controller

RE Rule Extraction

SAC Soft Actor-Critic

TES Thermal Energy Storage

TL Transfer Learning

XAI eXplainable Artificial Intelligence

needs. By preheating or pre-cooling indoor spaces and by charging or
discharging storage devices buildings can adapt their consumption pat-
terns according to price signals or grid requests, contributing to overall
system efficiency [3,6,7]. In addition, coordinated operation of building
resources can provide ancillary services such as frequency regulation
and reserve capacity, thereby enhancing the stability and reliability of
the power grid itself [8]. Exploiting this flexibility poses a complex con-
trol problem. Building energy systems must operate in a predictive way,
anticipating future conditions such as weather, occupancy, and signals
from the grid [9]. They must optimize multiple and often conflicting ob-
jectives, including cost reduction, carbon mitigation, thermal comfort,
and equipment reliability [10,11]. They must also adapt continuously to
uncertainty from forecast errors, user behavior, and variable grid signals
[12]. This combination of requirements results in a high-dimensional,
stochastic, and time-coupled optimization task.

Traditional RBC and Proportional Integral Derivative (PID) con-
trollers are unable to address such complexity [13-15]. Model Predictive
Control (MPC) has emerged as a reference approach, since it em-
beds forecasts and optimization in a receding horizon framework [16].
However, its performance depends strongly on the availability of ac-
curate and computationally efficient models, and deploying it across
heterogeneous buildings requires significant engineering and calibra-
tion effort [17]. More recently, data-driven methods and DRL have
been investigated as alternatives, since they can learn control policies
directly from data or simulations and adapt to nonlinear dynamics with-
out explicit models [18]. DRL has demonstrated the ability to derive
near-optimal control strategies in complex building energy scenarios at
different scales, achieving significant improvements in cost as energy
savings and well as flexibility provision [19-21]. However, the result-
ing policies are encoded in high-dimensional neural networks that are
difficult to interpret [22]. This lack of transparency limits trust, makes
it challenging to validate safety and comfort requirements, and repre-
sents a deployment barrier in practice [23]. Moreover, DRL policies are
typically tailored to the specific environment in which they are trained,
which reduces their scalability and complicates their transfer to differ-
ent buildings, system configurations, or operating conditions [24]. To
address the transferability challenge, the literature primarily addresses
this issue through Transfer Learning (TL), a machine learning method
that involves leveraging a model trained on a specific task (source task)
in a particular domain to address a new but related task (target task)
[25]. Several studies illustrate the benefits of TL. For example, Coraci
et al. [26] applied TL to transfer a DRL controller from a source build-
ing to target buildings. These target buildings, while sharing the same
geometry and energy system as the source, differed in key characteristics
such as weather conditions, occupancy patterns, and building enve-
lope efficiency levels. Their Online Transfer Learning (OTL) approach
demonstrated superior performance compared to an RBC but inferior
performance relative to a specifically trained offline DRL, confirming its
advantage in adapting to new scenarios without requiring a new model.
In addition to adapting controllers, TL can also be used to reduce training

time. Lissa et al. [27] introduced parallel TL to transfer control policies
among multiple DRL agents during training, achieving a five-fold re-
duction in training time and a 10% decrease in energy consumption.
However, while the TL approach can enhance model transferability and
reduce training time, it does not resolve the other primary challenges
of DRL controllers, namely the lack of interpretability and the high de-
ployment effort for real-time applications. These issues create a clear
mismatch with the needs of practitioners, who favor transparent and
verifiable control logic, often expressed as simple if-then rules that can
be understood, adjusted, and validated during operation. A promising
way to overcome these limitations is the use of RE techniques, which
aim to approximate complex machine learning models with simpler,
human-readable representations. By translating the behavior of a trained
DRL agent into a set of if-then rules, the resulting control strategy be-
comes transparent and interpretable. This provides a clear advantage for
building energy applications, where practitioners need to understand,
validate, and adjust the logic of controllers before deployment. Although
RE has been explored within the broader machine learning community,
its application to the control of energy systems remains limited. Bridging
this gap holds the potential to combine the high performance of DRL
with the interpretability and operational practicality of rule-based con-
trol, laying the foundation for scalable and trustworthy deployment of
advanced control strategies in real building environments.

A key advantage of RE lies in its potential to enhance transfer-
ability. Once a DRL-derived policy is reformulated into a compact set
of interpretable rules, it becomes easier to adapt to different systems,
building typologies, or operating conditions, thereby reducing the need
to retrain DRL agents from scratch. Additionally, presenting control
logic in a rule-based format increases acceptance among building oper-
ators and engineers, who are already accustomed to supervisory control
schemes and can readily integrate such rules into existing automation
infrastructures.

While promising, the transferability of RE-based controllers across di-
verse applications has not yet been demonstrated. This remains a central
objective of ongoing work, aiming to assess whether interpretable con-
trollers extracted from a single scenario can maintain high performance
under varying boundary conditions.

In this context, this paper introduces a methodological framework
for developing interpretable and generalizable controllers by extracting
rules from advanced DRL control policies. Rather than extracting rules
from a single advanced DRL agent, the proposed framework integrates
a multi-stage rule extraction from a set of sub-optimal DRL controllers.
This enables an ensemble approach aimed at retaining decision patterns
that are consistent across multiple independently optimized DRL agents,
enhancing cross-case robustness. The approach is demonstrated on a ref-
erence European heating system layout comprising an air-water HP, a
hot-water TES tank also acting as a hydraulic separator between primary
and secondary loops, and fan coil units serving a single-zone building.
The considered control actions are the on/off status of the HP and the
setpoint of the supply water temperature.
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A co-simulation environment developed in Modelica was used both
to train the DRL controllers and to evaluate the performance of the ex-
tracted rule-based controllers. The process began with an optimization
pipeline that generated a set of high-performing DRL agents, all trained
on a single reference scenario. From each agent, a Decision Tree (DT)
was extracted for each control action, resulting in a collection of if—
then rules that approximated the learned policy. These rule sets were
then combined using a majority-vote strategy to form a consolidated
control logic. This ensemble was further distilled into a single inter-
pretable RE controller and was benchmarked against two references: the
best-performing DRL agent and a reference RBC in order to evaluate its
performance and behavior in terms of energy consumption and control
of indoor air temperature.

To assess its transferability, the RE controller was then deployed
without any retraining or structural adjustments in eight additional
scenarios, each characterized by different occupancy profiles, climate
conditions, and TES sizes. Its performance was then benchmarked
against two baselines, the reference RBC and a scenario-specific DRL
controller retrained and optimized from scratch for each new scenario.
This experimental setup allowed for a preliminary assessment of the po-
tential transferability of the RE approach, which remains a key research
objective.

In this perspective, Section 1.1 reviews the existing literature on
RE processes to emulate advanced control strategies. Subsequently,
Section 1.2 presents and explores the contributions of this study along
with the innovative elements it introduces.

1.1. Related works

RE is a research area within the broader field of eXplainable Artificial
Intelligence (XAI). In the context of control, it involves the use of sur-
rogate models to approximate and explain the behavior of complex
black-box policies [28]. In the control field, surrogate models are delib-
erately simpler and more interpretable representations that mimic the
input-output mapping of a more sophisticated controller. When applied
to DRL or MPC, this approach makes it possible to derive explicit if-then
rules that capture the decision-making logic of the underlying policy.
As a result, RE contributes to bridging the gap between the high per-
formance of advanced control strategies and the transparency required
for their deployment in real Heating, Ventilation, and Air Conditioning
(HVAC) systems.

The application of RE processes for energy management applications
in buildings and energy systems offers several significant advantages:
[29-33]:

RE mimics complex control strategies, such as MPC or DRL control,
using interpretable and understandable rules;

If-then rules can be integrated into existing Building Automation
and Control Systems (BACS) without requiring enhanced compu-
tational resources;

The simplicity of the extracted rules makes them well suited for
real-time applications, overcoming the higher computational time
required by MPC or DRL controllers;

It is possible to formulate a set of rules that are more general-
ized, preventing overfitting to specific conditions and ensuring
applicability across different zones or buildings, thereby enhancing
flexibility and scalability.

The literature provides consistent evidence that RE can reproduce the
performance of advanced control strategies with only marginal losses
while greatly reducing computational effort. In building applications,
studies have shown that DRL policies can be distilled into DT rules
that achieve almost identical energy performance. For example, sim-
plified rules derived from deep Q-learning in a cooling system led to
energy savings with only a 1.2% deviation from the original DRL con-
troller [34]. Similar results were reported in power system emergency
control, where an information gain rate-based weighted oblique DT
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(IGR-WODT) was proposed to replace DRL policies for under-voltage
load shedding, improving transparency and enabling deployment on
resource-constrained devices [30].

A larger body of work has applied rule extraction to MPC controllers.
Yu and Pavlak [10] demonstrated that decision-tree surrogates could
match the accuracy of more complex models such as random forests
in learning MPC behavior. Their extracted rules preserved 95-97% of
the energy savings and 89-92% of the cost savings of a detailed MPC.
Other works combined optimization and RE to derive practical con-
trol strategies. In Ref. [31,35], genetic algorithms were used to identify
optimal operational parameters across climates and occupancy scenar-
ios, and decision trees were then employed to extract interpretable
rules that reproduced the original outcomes with minimal performance
loss. A multi-objective MPC solution for smart glazing was also dis-
tilled into a compact set of rules, reducing complexity and reproducing
control signals with up to 65% accuracy [32]. In Ref. [33], a classifi-
cation learning approach was applied to detailed MPC outputs from 27
rooms of an institutional building: DTs achieved 27-33% energy savings
compared to 18-42% with MPC. Similarly, Ref. [36] showed that MPC-
based ventilation strategies could be approximated with multi-logistic
regression, retaining 70-90% of the energy savings with a much lower
computational cost.

More recently, researchers have explored hybrid strategies that
integrate RE with conventional rule-based control. Zhu et al. [37] in-
troduced a learning-based MPC for HVAC systems, where Classification
and Regression Trees (CART) algorithms approximated MPC decisions.
While the MPC reduced energy costs by 13.89% and the surrogate by
12.27%, the computation time required for one control step dropped
from 0.55 s to 0.002 s. Extending this concept, Zhu et al. [38] proposed
the machine learning-enhanced lightweight rule-based control strategy
(ML-RBC), which used XGBoost to automatically tune the parameters of
predefined RBCs from offline MPC simulations. The resulting controller
achieved nearly the same cost savings as MPC (21.95% vs. 23.07%) with
a computational burden more than one thousand times lower.

Overall, the reviewed studies demonstrate that RE is an effective
process to simplify advanced control strategies and make them inter-
pretable, with minimal loss in performance compared to the original
DRL or MPC policies. Most contributions have focused on showing
that simplified rule sets can reproduce the behavior of complex con-
trollers while reducing computational costs and enabling transparency.
However, it remains unclear whether rules extracted in one setting can
be reliably applied to others with different climates, occupancy pat-
terns, or system configurations. Existing works have mainly evaluated
rule extraction in the same environment used to generate the original
controller, with only limited evidence of generalization across bound-
ary conditions. Addressing this gap is critical for real-world deployment,
since the practical value of RE lies not only in interpretability and sim-
plicity, but also in the ability to scale across diverse building types
and operating contexts without the need for retraining or extensive
recalibration.

In this perspective, the next section presents the main contributions
and the novel elements that this research aims to introduce.

1.2. Novelty and motivation

The current literature increasingly addresses the challenges asso-
ciated with advanced control. Among the explored strategies, RE has
shown strong potential to produce interpretable rule sets that enhance
transparency, support stakeholder trust, and enable practical deploy-
ment. In parallel, TL has been widely applied to advanced controllers,
especially DRL, to ensure generalization across different conditions
without the need for retraining in each specific case.

Although TL has been extensively explored as a means to scale com-
plex control policies, further investigation is needed into RE, particularly
to assess whether interpretable controllers derived from DRL can deliver
a meaningful degree of generalizability. In particular, it remains unclear
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whether rules extracted in one context can be applied in others, such as
systems with different climates, occupancy patterns, or configurations,
without a significant drop in performance. To demonstrate the transfer-
ability of the extracted RE controller, this study integrates an ensemble-
based RE process with a multi-action formulation, enabling success-
ful deployment across previously unseen scenarios without requiring
retraining.

In this perspective the contributions of this work can be summarized
as follows:

« Conceptualization of a DRL-based controller with a gener-
alizable state representation. A DRL controller was developed
using a standard Soft Actor-Critic (SAC) algorithm. Particular at-
tention was given to the selection and normalization of input
variables, which include external temperature, HP and TES mea-
surements from the primary loop, and the operational schedule of
the secondary loop (used as a proxy for occupancy). This state rep-
resentation is designed to be as much as possible system-agnostic
ensuring that the controller can be adapted to different secondary
loop configurations.

Ensemble-based RE from a family of optimized DRL con-
trollers. A novel methodology was introduced for RE that does not
rely on a single trained policy but leverages a family of optimal DRL
controllers generated using the Optuna optimization framework.
Therefore, the ensemble approach is used to identify robust deci-
sion patterns across different DRL agents, with the goal of retaining
common decision patterns and filtering out scenario-specific ones
to improve cross-scenario transferability rather than approximat-
ing a single agent. A final RE step is applied to this ensemble
consensus to capture the collective logic, improving generalization
while simplifying the extracted controller and increasing the inter-
pretability of the control policy, yielding a single, transparent rule
set.

Definition of a multi-action rule set through separate decision
paths. The RE controller was designed to handle multiple actions
by organizing the rule set into two separate decision paths. The
HP activation was formulated as a classification problem, using in-
puts such as the TES state and occupancy schedule, and trained on
the complete DRL-generated dataset. In contrast, the supply water
temperature setpoint adjustment was modeled as a regression task,
restricted to time steps in which the HP was active. This decoupled
formulation produces two specialized rule sets, each dedicated to a
specific control objective. The separation simplifies the extraction
procedure and improves rule readability, as each rule set relies only
on the features relevant to its task. This structure supports both
predictive accuracy and interpretability.

Evaluation of the extracted controller across heterogeneous
scenarios. The RE controller was evaluated in multiple scenarios
featuring diverse climate conditions and occupancy patterns. Its
performance was compared with a reference RBC and with a DRL
controller trained and optimized specifically for each scenario to
assess and highlight the transfer and robustness of the proposed
method.

The rest of the paper is structured as follows. Section 2 presents
the case study, providing details on the building, the heating system,
and the transfer scenarios under consideration. Section 3 outlines the
methodology, including the development of the DRL controllers, the RE
framework, and the baseline RBC control logic. Section 4 presents the re-
sults, highlighting the performance of the DRL, RE, and RBC controllers
across the different transfer scenarios. Finally, Section 5 discusses the
implications of the findings, and Section 6 provides the conclusions of
the study highlighting its potential benefits and related future research
directions.

Applied Energy 412 (2026) 127661

2. Case study

This section introduces the case study used to evaluate the proposed
methodology. It focuses on a single zone building equipped with an air
source HP and a hot water TES tank for space heating. This system con-
figuration is increasingly adopted in the European building sector as part
of the shift toward more efficient, electricity-based HVAC solutions. In
this context, the integration of TES is widely recognized as a key enabler
for optimizing system operation, enhancing demand-side flexibility, and
contributing to grid decarbonization goals [7].

To evaluate the robustness and transferability of the obtained RE con-
troller, the case study considers multiple scenarios with varying bound-
ary conditions. These include different geographic locations, namely
Turin, Bolzano, and Naples, which represent distinct climate zones, as
well as diverse occupancy patterns. For each scenario, the TES tank
was appropriately resized to match the demand for space heating.
Specifically, Section 2.1 describes the main features of the building and
outlines the weather conditions and occupancy patterns used to de-
fine the different operational scenarios for testing the RE controller.
Building on this, Section 2.2 details the configuration of the HVAC
system implemented across all scenarios.

2.1. Building overview and scenarios of study

The building under consideration is an open space office. Table 1
reports the total surface areas and thermal transmittance values of the
envelope components. These values vary according to the climatic con-
ditions of each site, following the Italian classification of climate zones
defined by DPR 412/93 [39]. Turin and Bolzano fall within Zone E, char-
acterized by 2100 to 3000 heating degree days, while Naples is located
in Zone C, with 900 to 1400 heating degree days. Consequently, for
the building envelope higher levels of thermal insulation were adopted
in Turin and Bolzano compared to Naples. This differentiation reflects
established construction practices that respond to the severity of local
climate conditions during winter season.

After defining the building model, the evaluation of the RE controller
is conducted across nine scenarios obtained by combining three climates
with three occupancy schedules (Table 2). In particular the RE controller
was evaluated for a reference scenario, corresponding to the climate
of Turin with the Occupancy Base schedule, while the remaining eight
scenarios were used to test the controller’s transferability to different

Table 1
U-value and surface area of building elements.

Building Surface U-value [W/m?2K]

Element Area [m?] Climate zone E  Climate zone C
Windows 20 1.2 1.75

External walls 210 0.28 0.68

Internal walls 55 3.15 3.15

Roof 130 0.35 1.18

Floor 130 0.7 1.32

Table 2

Scenarios considered for deriving the RE controller and evalu-
ating its transferability.

Scenario ID Location climate Occupancy pattern

Turin - OB (reference) Turin Occupancy Base

Turin - O1 Turin Occupancy 1
Turin - 02 Turin Occupancy 2
Bolzano - OB Bolzano Occupancy Base
Bolzano - O1 Bolzano Occupancy 1
Bolzano - 02 Bolzano Occupancy 2
Naples - OB Naples Occupancy Base
Naples - 01 Naples Occupancy 1
Naples - 02 Naples Occupancy 2
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boundary conditions. Specifically, Bolzano represents colder and more
variable weather, with a temperature distribution similar to Turin (refer-
ence scenario) but with greater fluctuations; Naples, on the other hand,
is characterized by a milder and more stable winter climate with higher
average outdoor temperatures.

Regarding occupancy schedules, these were defined to reproduce
different patterns of use:

« Occupancy Base: Conventional office hours from 08:00 to 18:00
on weekdays, with no weekend occupancy.

« Occupancy 1: Split workday with occupancy from 08:00 to 12:00
and 16:00 to 20:00 on weekdays, and from 08:00 to 14:00 on
weekends.

« Occupancy 2: Continuous occupancy from 09:00 to 12:00 on
weekdays, and from 12:00 to 18:00 on weekends.

Occupancy 1 and Occupancy 2 represent alternative patterns to the
Occupancy Base, enabling the analysis of how variations in user pres-
ence affect the performance of the RE controller. In all scenarios, the
secondary loop of the heating system is scheduled to start two hours be-
fore occupancy, ensuring that the indoor temperature setpoint is reached
by the time occupants arrive.

2.2. Description of the heating system layout

The heating system considered in this study, illustrated schematically
in Fig. 1, consists of an air to water HP connected to a hot water TES tank.
The TES acts as a buffer that balances heat generation and demand while
also serving as a hydraulic separator between the primary loop (HP to
TES) and the secondary loop (TES to office). Heat is delivered through
fan coil units, which serve as the emission subsystem and are designed
to operate with low water supply temperatures (lower than 50 °C).

Primary loop

Water TES
Heat pump SWT: Supply Water

Temperature

RWT: Return
Water Temperature

modHP

TsetHP
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The system is supposed to be controlled through a rule-based strategy
taken as a reference in the study:

« Primary Loop Control System: The primary loop is managed by
controlling both the operational status of the HP (modHP) and
its supply water temperature setpoint (TsetHP). This strategy is
adopted as a reference in all scenarios and serves as the base-
line for comparison with the DRL controllers and the obtained RE
controller in order to evaluate their performance.

The RBC logic (Fig. 2) is based on two setpoint thresholds
depending on the secondary loop schedule, with a linear modu-
lation of the supply water temperature to optimize Coefficient of
Performance (COP) (Eq. (1)).

@

TSetHP = 56°C — (T}, — 45°C)

ank

Secondary Loop Control System: The secondary loop control sys-
tem is managed by a Proportional Integral (PI) controller that
maintains the indoor zone temperature at the setpoint of 20 °C
during occupied periods. The controller regulates a three way valve
and a variable speed pump to adjust both the flow rate and the sup-
ply water temperature delivered from the storage tank to the fan
coil units. The activation period begins two hours before the ex-
pected arrival time of occupants to ensure comfort conditions are
met. During unoccupied periods, a setback strategy prevents the
indoor air temperature from falling below 15 °C.

Despite the layout of the considered system being the same for all
the considered scenarios, the TES was assumed to be differently sized
according to the climatic conditions of the locations considered (i.e.,
winter conditions of Turin, Bolzano and Naples). The sizing of the TES
and the performance modeling of the HP are designed as follows:

Secondary loop

Fancoil

Al

Fig. 1. Schematic representation of the considered heating system.

Yes—p

T tank < 40 °C?

time until start

system > 4 hours?

No—p| T tank < 45 °C?

No—p

No—| modHP = OFF

modHP = ON

TSetHP = 56 °C

modHP = ON
Yes—»| TSetHP = 56°C -
(T tank - 45°C)

o—>| modHP = OFF

modHP(t-1) = ON

and T tank < 50 °C?

Fig. 2. RBC control logic.
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Table 3

Sizes of the thermal energy storage for different climates.
City Thermal power Design outdoor TES size [L]

demand [kW] air temperature
[°C]

Turin 10.1 -8 1300
Naples 8.5 2 1100
Bolzano 12.7 -15 1630

» TES Sizing: The sizes were determined based on the design ex-
ternal temperature specified in Ref. [40], corresponding to each
location’s climatic conditions. Using this data, the thermal power
demand of the reference office was estimated. A 20% safety margin
was then applied to account for uncertainties and ensure opera-
tional flexibility. The TES was sized to provide a continuous heat
supply for a discharge duration of three hours. This corresponds to
the amount of thermal energy that can be delivered by a water vol-
ume undergoing a temperature drop from 60 °C (fully charged) to
40 °C (discharged). Table 3 reports the thermal power demand, the
design outdoor air temperature for each location and the obtained
TES size expressed in liters of water.

HP COP Modeling: The Clivet ELFOEnergy Edge - WSAN-YMi 31
HP model was used as a reference for performance calculations.
The manufacturer’s performance data, provided in accordance with
UNI/TS 11,300 Part 4 [41], was used to model the COP. A poly-
nomial interpolation on two variables (supply water temperature
and external air temperature) was employed to derive the function
used to dynamically compute the COP during the simulation.

3. Methodology and methods

This section presents the methodological framework adopted for the
development and evaluation of the RE control strategy. The frame-
work is organized into two main components: the development of the
co-simulation environment, and the workflow used to extract the RE
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controller and benchmark it against the RBC and DRL controllers in both
the reference case and transfer scenarios, as illustrated in Fig. 3.

3.1. Development of the co-simulation environment

The co-simulation framework was based on a high-fidelity Modelica
model representing both the built environment and the HVAC sys-
tem, developed using the open-source software OpenModelica [42]. All
control strategies (DRL, RBC, RE) were implemented in Python. Co-
simulation was enabled through the Functional Mock-up Interface (FMI)
standard [43], which allows the complete Modelica model to be en-
capsulated into a standardized Functional Mock-up Unit (FMU). The
pyfmi package [44] enabled Python to act as the master, managing
the interactions between the external Python-based controllers and the
FMU.

Within this setup, the OpenAl Gym framework [45] was employed
to train the DRL control policy, enabling action execution, state ob-
servation, and policy updating based on the received reward. DRL
controllers were trained using simulation data for the month of January.
Subsequently, all comparative evaluations between the three main con-
trollers (RBC, DRL, and RE) were conducted on a deployment episode
that spans the period of January and February. All controllers operated
in real-time using the simulation feedback from the FMU. This means
that the evolution of the system state is directly determined by control
actions, thereby exposing the controller to the dynamic evolution of the
environment, which differs depending on the control logic used.

3.2. Workflow to extract and benchmark the RE controller

Once the co-simulation environment was set up, the workflow for
extracting and benchmarking the RE controller was structured into the
following steps:

« Training of DRL controllers for the reference case: The Optuna
optimization framework [46] was used to identify a set of high-
performing DRL controllers for the reference scenario. The best
performing controller in each case was selected as a benchmark.

Co-simulation Environment

1
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' High fidelity simulation model 777 2
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! a
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Fig. 3. Methodological framework.
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« Rule Extraction (RE): Control policies were extracted from the
trained DRL controllers using DTs, resulting in a simplified and
interpretable rule set in an if-else format.

« Scenario testing: The extracted RE controller was benchmarked
against the best-performing DRL and the RBC in both the refer-
ence case and transfer scenarios, using a consistent set of Key
Performance Indicators (KPIs).

3.2.1. Training of DRL controller for the reference case

DRL is a machine learning approach where an agent learns an opti-
mal control policy by interacting with the environment and receiving
feedback in the form of a reward signal [47]. This study adopts the
SAC algorithm, a model-free DRL approach based on the actor-critic
framework, which combines value-based and policy-based methods to
optimize decision-making. The actor defines the control policy and se-
lects actions, while the critic estimates the value function and assesses
those actions [29]. A key feature of SAC is entropy regularization, which
balances exploration and exploitation by encouraging stochastic poli-
cies. By jointly maximizing expected reward and policy entropy, the
agent mitigates premature convergence to local optima and yields con-
trol strategies that remain robust under dynamic operating conditions
[17]. SAC was selected due to its extensive adoption in continuous
control applications [17,29,48], providing a stable and widely recog-
nized benchmark for evaluating the proposed rule extraction framework.
Table 4 lists the specific observations processed by the SAC algorithm to
develop an optimal control policy with evidence of the variable names
and their corresponding descriptions.

The learning process of the DRL agent is governed by several key
hyperparameters:

Network architecture: Defines the number of layers and neurons
per layer in the neural network.

Learning rate (u): Determines the rate at which the weights of the
neural network are updated during the training process.

Batch size: Specifies the number of samples used to perform each
update to the neural network weights.

Discount factor (y): Balances the importance of immediate versus
future rewards, influencing the long-term strategy of the agent.

The controller provides a continuous action in the range [0, 1], which
is decoded as both the activation state of the HP and its supply water

Table 4
Observations available for primary-loop control.
Observation Description
T ext Current outdoor air temperature [°C]
T tank TES water temperature [°C]
RWT Return water temperature to the HP [°C]

Energy el heat
pump

COP heat pump
time until start
occupancy

time until end
occupancy

time until start
system

time until end
system

Tout 1step

Tout 3step

Tout 6step

Tout 9step

Tout 12step

T tank (t-1)
Thermal energy
flow

Electricity consumption of the heat pump normalized to
the maximum value of 1.5 kWh

Coefficient of performance of the HP

Remaining time until the building occupancy begins

Remaining time until the building occupancy ends

Remaining time until the secondary loop system is turned
on

Remaining time until the secondary loop system is turned
off

Expected outdoor air temperature after 15 minutes
Expected outdoor air temperature after 45 minutes
Expected outdoor air temperature after 90 minutes
Expected outdoor air temperature after 135 minutes
outdoor air external temperature after 180 minutes

TES water temperature in the previous timestep [°C]
Thermal energy withdrawn from the TES in the current
timestep [kWh]
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temperature via a linear mapping (Eq. (2)).

. modHP = OFF
If 0 < action < 0.5 :
TSetHP = RWT
1605 < action < 1 modHP = ON
S <action< 1 : ;
TSetHP = (%) action + max(45, RWT)

@

Specifically, when the action lies between 0 and 0.5, the HP is turned
off (modHP = OFF), and the setpoint is set equal to the return water tem-
perature (TSetHP = RWT), implying no active heating on the primary
loop.

When the action is between 0.5 and 1, the heat pump is activated
(modHP = ON), and the setpoint of supply water temperature (TSetHP)
is linearly mapped based on the action value. The mapping scales the
action to a temperature range between max(45 °C, RWT) and 60 °C,
ensuring that the supply water temperature setpoint is always higher
than or equal to the return water temperature (RWT), with 45 °C as a
minimum threshold.

The reward function adopts a multi-objective structure consistent
with approaches reported in prior studies [17,19,29]. It balances several
objectives, including minimizing energy consumption, maintaining the
TES temperature within safe operating limits, and reducing equipment
stress as reported in Eq. (3). It is composed of three penalty components:

« TES Penalty: The TES penalty is applied when the water temper-
ature of the TES T tank drops below a given thresholds (45 °C or
40°C based on system status). Specifically, the penalty increases
quadratically as the temperature decreases further. This penalty
component ensures that the controller keeps the TES temperature
within an acceptable range, preserving thermal system’s readiness
to operate when needed.

Energy Penalty: It accounts for both the HP and primary loop
pump electric energy consumption, considering a quadratic func-
tion. This quadratic formulation penalizes high energy consump-
tion more heavily and as a side effect tends to reduce peaks of
electrical power demand.

Switching Penalty: The switching penalty accounts for the fre-
quency of on/off switching of the HP. It compares the current
operational mode (0 if OFF and 1 if ON) of the HP with its mode
in the previous time step (t-1). If a change in status is detected, a
penalty is applied. This discourages excessive switching, which can
lead to reduced equipment lifespan and unstable system operation.

R = —(energy_penalty + tank_penalty + switch_penalty)

where

ki(14+(45°C- lemk))2 if 40 < Ty < 45
and system on = 1

kZ(l + (40 °C- Tlank))2 if T;ank <40

0 otherwise

TES penalty =

Energy penalty = (k;energy_el_heat_pump + k4energy_el_hydronic_pump)2

Switch penalty =

ks|modHP(t-1) — modHP| if modHP # None
0 otherwise

3)

From Eq. (3) it can be seen that the reward function includes five
weighting parameters: k, k,, k3, k4 and k5. These coefficients allow the
analyst to tune the relative influence of each penalty component.

In this study, Optuna was used to optimize both the weighting pa-
rameters of the reward function and the hyperparameters of the DRL
agent.
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Specifically, Optuna allows users to dynamically define search spaces
for optimization as detailed in Ref. [46]. In this work, Optuna is used
to perform a two-step multi-objective optimization targeting the mini-
mization of three KPIs evaluated over the testing period (i.e., January
and February):

« Energy Consumption [kWh]: Total electricity consumed by the
HP and the primary loop circulation pump.

« Max Power Demand [kW]: Maximum average electrical power
demand of the HP and the primary loop circulation pump at a time
step (15-min time interval).

« Average TES water temperature violation [°C]: Average mag-
nitude of the temperature shortfall below the 45 °C setpoint in the
thermal energy storage (TES), calculated only when the secondary
loop is active.

In each optimization run, the DRL controller was trained and eval-
uated using a specific combination of reward function weights and
model hyperparameters. The optimization process was structured as a
sequential two-step procedure, with each step targeting a distinct set of
parameters:

1. Optimization of the reward function parameter weights: In
the first step, the optimization focused exclusively on tuning the
weights of the reward function. During this phase, the neural
network architecture and training hyperparameters were held
constant, using reference values commonly adopted in the lit-
erature [26,49-51] (see Table 5) while the explored parameter
search spaces are reported in Table 6. The optimization routine
explored 50 configurations of weights and selected the one that
led to the minimum of the optimization function among those
that achieved an improvement of at least 5% in terms of energy
consumption and maximum power demand in the testing episode
compared to the reference RBC. The best weight configuration
was then used to initialize the second optimization step.

2. Optimization of the DRL agent hyperparameters: In this step,
the optimal reward function parameter weights identified in
the previous step were fixed. The optimization then proceeded
through 20 additional runs to explore and optimize the neural
network architecture and the learning hyperparameters over the
search spaces reported in Table 7.

At the end of this step among the obtained DRL agents that lead
to an improvement of at least 5% in terms of energy consumption and
maximum power demand in the testing episode compared to the ref-
erence RBC were selected. From this filtered set, the DRL controllers
were ranked based on their ability to reduce energy consumption,
limit maximum power demand, and minimize indoor air temperature
violations. The latter metric quantifies the average deviation below the

Table 5
Hyperparameter combinations used for the optimization of reward function
weights.

Neural network hyperparameters Learning hyperparameters

Hidden layers Neurons per layer ~ Learning rate u  Discount factor y ~ Batch size

4 64 le-4 0.99 64

Table 6
Search space for the optimization of the reward
function parameter weights.

Reward function parameters Weight search range

TES_penalty_parameter (k) (1 -200)
TES_penalty_parameter (k) (1 -200)
Energy_penalty_parameter (k) (1 -200)
Energy_penalty_parameter (k) (1 -200)
Switch_penalty_parameter (ks) (1 -200)
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Table 7
Search space for the optimization of the neural network architecture
and the learning hyperparameters of the DRL agent.

Hyperarameters Search space

small: (64, 64, 64, 64)
medium: (128, 128, 128)
large: (256, 256)

be-4, 1e-4, 5e-3, 1e-3, 1e-2
From 0.95 to 0.99 (step 0.01)
64, 128, 256

Network architecture

Learning rate
Discount factor y
Batch size

comfort threshold of 19 °C, considering only the periods when the indoor
temperature falls below this lower bound.

The highest-ranked DRL controller, demonstrating the best over-
all trade-off among these metrics, was selected as the best performing
DRL solution. This controller then served as the main benchmark for
evaluating the performance of alternative control strategies.

In addition, to enable the RE in the next phase of the workflow, the
largest odd-numbered subset of these high-performing DRL agents was
selected.

3.2.2. Development of the rule extraction (RE) controller from the sub-set
of optimal DRL agents

This step aims to synthesize a single, interpretable RE controller that
captures and emulates the collective knowledge embedded in the sub-set
of optimal DRL agents. To achieve this, the control policy of each DRL
agent is approximated by using DTs [52]. Specifically the DTs were de-
veloped to mimic actions of DRL where state-actions observations were
collected from the simulation of the deployment episode.

In this study, the Conditional Inference Trees (CTREE) algorithm
[53] was adopted and implemented using the partykit package in R
[54]. The model is a binary and recursive DT algorithm that builds splits
through a statistically grounded two-step procedure [55].

Specifically, each DRL agent was distilled by means of three DTs: a
classification tree to predict the on/off state action of the HP (modHP),
and two regression trees to predict the supply water temperature set-
point (TSetHP). The regression trees were trained considering only
data pertaining to the operation of the HP separately for operational
conditions when the secondary loop is active or inactive.

The tree growth was constrained by using stopping criteria to ensure
model generalization. A maximum depth of 7 was applied to all trees
to prevent overfitting [37,48]. The minimum number of observations
per leaf node was set to 40 for the classification tree and 20 for the
regression trees. The lower threshold for the regression trees accounts
for the smaller sample size, as they were trained exclusively on data
where the HP was active.

The input variables used to develop the decision trees are listed in
Table 8, indicating whether each variable was used exclusively for the
classification tree (modHP action), the regression trees (TSetHP action),
or both.

Once the model is trained, decision rules are extracted by tracing
each path from the root to a leaf node. Each path defines a conjunc-
tion of if-else conditions based on input variables, resulting in a specific
prediction that captures the model’s decision-making logic.

These rule sets (three per DRL agent) were then deployed collec-
tively as an ensemble controller within the co-simulation environment
as represented in Fig. 4. At each time step, a majority vote among the
classification trees determined the on/off state of the HP. If the outcome
was “activation”, the supply water temperature setpoint was computed
as the average of the values predicted by the corresponding regression
trees of the active DRL agents; otherwise, it was set equal to the return
temperature of the TES unit (RWT).

From the simulation of the deployment episode, the resulting state-
action observations were collected to derive an RE controller capable of
distilling and mimicking the behavior of the ensemble. The RE process



M.S. Piscitelli, A.A. Mele, G. Razzano et al.

Table 8
Observations available to develop the classification tree (modHP action) and
the regression trees (TSetHP action) as the basis of the RE controller.

Observation Description Decision tree
T ext Current outdoor air temperature [°C] TSetHP action
T tank TES water temperature [°C] modHP action
time until Remaining time until the secondary loop TSetHP ac-
start system system is turned on tion; modHP
action

time until end Remaining time until the secondary loop TSetHP ac-
system system is turned off tion; modHP

action

T tank (t-1) TES water temperature in the previous modHP action
timestep [°C]
Thermal energy withdrawn from the TES in

flow the current timestep [kWh].

Thermal energy TSetHP action

DRL1 DRL 2 DRL... DRLn

Majority vote Environment

o . Final RE controller

(;’-\ctio;w:) synthesis
L5
C:s:taté_g;j:

Fig. 4. Methodological framework for the development of the RE controller.

followed the same procedure used for each individual DRL agent: a clas-
sification tree was developed to model the HP activation (modHP), and
two separate regression trees were trained to predict the supply wa-
ter temperature setpoint (TSetHP), depending on whether the secondary
loop was active or not during HP operation. The input variables used to
train this final RE controller were the same as those reported in Table 8.

Once the final rule set was extracted, the rules pertaining to the
supply water temperature setpoint (TSetHP) were refined through an
expert-driven post-processing phase. Firstly, to improve real-world ap-
plicability, all the predicted setpoint values were rounded to the nearest
0.5 °C. Secondly, where possible, decision rules that led to the same
output after rounding were merged in order to reduce complexity as
much as possible. Eventually, to further improve reliability of the RE
controller, an expert safeguard rule was added to the obtained rule set.
This rule is activated if the RE controller fails to maintain sufficient TES
temperature during specific timesteps that would compromise a proper
operation of the fan coil unit.

The logic behind the safeguard rule is illustrated in Fig. 5.

3.2.3. Controller benchmarking in the reference and transfer scenarios

In the final step, the developed RE controller is benchmarked against
the best-performing DRL controller and the baseline RBC in the ref-
erence scenario. This evaluation, based on a set of KPIs, begins with
the reference case and is subsequently extended to the eight transfer
scenarios.
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Safeguard rule =
Safeguard rule(t-1)

T tank <40 °C
and modHP = OFF?

Yes
Safeguard rule
=True

T tank > 45 °C?

No

—

Safeguard rule
= False

Yes

modHP = ON
TSetHP = 51°C -

ul

(T tank - 40°C) not being applied

Fig. 5. Logic of the safeguard control rule.

The KPIs used for benchmarking the controllers were evaluated from
the results obtained in the deployment episode and are listed as follows:

Energy Consumption [kWh]: Total electricity consumed by the
HP and the primary loop circulation pump.

Max Power Demand [kW]: Maximum average electrical power
demand of the HP and the primary loop circulation pump during a
time step (15-min time interval).

Average COP: The average COP of the HP evaluated during its
operational hours.

Time Violation [%]: The percentage of time during the occupancy
period with an indoor air temperature that is lower than the lower
bound of the comfort region i.e., the 19 °C.

Average Temperature Violation [°C]: The average temperature
deviation below the 19 °C threshold during periods of violation.

These indicators offer a comprehensive assessment of control perfor-
mance across energy usage, peak demand, and indoor air temperature
control.

In the reference scenario, the comparison aimed to assess the ability
of the RE controller to compete against the best DRL agent identified
through the optimization process, while also outperforming the sim-
pler RBC. This evaluation served to verify whether the RE approach
could retain the effectiveness of advanced control strategies in a more
interpretable and practical format.

In the transfer scenarios, the focus shifted to testing the generaliz-
ability of the RE controller. Derived from the reference scenario, it was
deployed without retraining and compared to two benchmarks in each
new case: (i) a scenario-specific DRL agent trained from scratch using
the same optimization procedure (see Section 3.2.1), and (ii) the baseline
RBC. This setup was intended to evaluate the robustness and adaptabil-
ity of the RE controller across varying conditions, including different
occupancy profiles, climates, and TES configurations.



M.S. Piscitelli, A.A. Mele, G. Razzano et al.

4. Results

This section presents the results of the study, organized according to
the three main phases of the proposed methodology. First, the outcomes
of the DRL training phase are discussed, highlighting the optimal hyper-
parameter values identified for the best-performing controllers across
the nine evaluated scenarios (one reference and eight transfer scenarios).
Second, the decision trees derived during the RE phase for the reference
scenario are illustrated, and the corresponding control logic is analyzed.
Finally, the results of the comparative benchmark are introduced, eval-
uating the performance of the RE, DRL, and RBC controllers across all
scenarios.

4.1. Identification of the best DRL agents and hyperparameter optimization

The outcomes of the DRL training phase are analyzed by assess-
ing the performance of the controllers optimized via Optuna across the
nine evaluated scenarios, following the two-step procedure described in
Section 3.2.1.

For completeness, the results of the optimization process for the
reference scenario are illustrated in Fig. 6. The figure shows the
performance of different DRL agents in terms of energy consumption
(x-axis) and maximum power demand (y-axis) during the deployment
episode. Blue points represent agents from the reward weight optimiza-
tion phase, while green points correspond to those from the subsequent
tuning of neural network parameters. The dashed yellow line indi-
cates the 5% performance threshold relative to the baseline RBC, and
only agents outperforming this threshold in both metrics were retained.
Among them, the top performing controller (red point) was selected

9
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Fig. 6. Performance of different DRL agents in terms of energy consumption
(x-axis) and max power demand (y-axis) during the deployment episode.
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Table 9
Optimized hyperparameters for the best-performing DRL con-
troller in each scenario.

Scenario Learning  Batch  Discount  Network
rate u size factor y architecture
Turin - OB 0.005 64 0.96 small
Turin - O1 0.001 256 0.96 small
Turin - 02 0.01 64 0.96 large
Bolzano - OB 0.01 256 0.96 medium
Bolzano - 01 0.005 64 0.95 large
Bolzano - 02 0.005 64 0.95 large
Naples - OB 0.0001 64 0.99 small
Naples - O1 0.005 64 0.95 medium
Naples - 02 0.005 128 0.97 medium

based on energy consumption, maximum power demand, and indoor
air temperature violations.

The subset of controllers used for the RE phase is highlighted by
the dashed purple boundary. To support majority voting during RE,
the set was reduced to the highest odd number of eligible controllers
by removing the lowest-performing agent (in this case 7 DRL agents).
The best DRL controller (red point) was selected as the benchmark for
comparisons with both the RBC and the RE controllers.

Fig. 7 and Table 9 report the optimized reward weights and learning
parameters for the best-performing DRL controller in each scenario. The
significant variability of these values across scenarios underscores the
strong impact of scenario-specific conditions on controller configuration
and confirms the need for dedicated optimization in each case. In sum-
mary, this optimization procedure identifies suitable reward weights,
hyperparameters, and network architectures for each scenario. Only DRL
agents trained from scratch that outperformed the baseline by at least
5% were retained. The resulting scenario-specific controllers approxi-
mate the upper performance bound within the explored search space and
provide a consistent benchmark for evaluating the transfer capabilities
of the RE controller.

4.2. Rule extraction from DRL agents in the reference case

Based on the identified subset of seven high-performing DRL agents
for the reference scenario, the RE controller was derived following the
procedure detailed in Section 3. Specifically, individual RE controllers
were first extracted from each agent, and a majority voting scheme was
implemented to evaluate the ensemble during a deployment episode.
The process concluded with the extraction of a final, consolidated rule
set that distilled the common logic across all individual controllers.

As in previous cases, the RE process involved generating a classi-
fication DT to determine the on/off state of the HP, along with two

200
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Fig. 7. Optimized reward weights for the best-performing DRL controller in each scenario.
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regression DTs to select the supply water temperature that were sep-
arately developed for the active and inactive states of the secondary
loop.

To enhance interpretability, the resulting RE control logic developed
for the reference scenario is described and visualized in form of decision
trees. Specifically, the two regression trees are combined into a single
graphical representation, with the operational state of the secondary
loop serving as the initial branching condition. For clarity, terminal
nodes are color-coded: in the classification tree (Fig. 8), red indicates
a predicted ‘off’ state of the HP and green indicates ‘on’ while in the
regression tree (Fig. 9), a blue-to-red gradient reflects lower to higher
predicted supply water temperature setpoints.

From Fig. 8 it can be inferred that the on/off state DT reached
the maximum allowed depth of seven. Its structure reveals that
schedule-related features are the most influential for predicting this
action, particularly the time remaining until system deactivation (time
until end system) and time until activation (time until start
system). These observations, combined with current and previous TES
water temperatures, form the foundation of the RE control logic. The
use of past temperatures indicates that the model has captured aspects
of the TES’s thermal dynamics from the DRL agents, enabling it to dif-
ferentiate effectively between charging and discharging patterns over
time.

Fig. 9 clearly shows that the control logic adapts to the opera-
tional state of the secondary loop. When the loop is active, decisions
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are primarily driven by the time remaining until deactivation and the
outdoor air temperature (T ext), along with the observed thermal en-
ergy withdrawn from the TES tank. When the loop is inactive, the logic
is mainly based on the time until the next activation and T ext.

Eventually, by translating the DTs into a set of if-then rules, the final
RE controller consists of a set of 34 decision rules, where 14 are used
for the on/off operation of the HP and 20 for the control of the supply
water temperature setpoint.

To understand the behavior of the RE control logic the Fig. 10 dis-
plays for the 5 KPIs introduced in Section 3 the performance achieved
against the best DRL and the RBC in the reference scenario. Fig. 11
complements this by showing the cumulative energy consumption over
the same evaluation period.

Eventually Table 10 presents percentage variation in energy perfor-
mance indicators of the DRL and RE controllers with respect to the
RBC, evaluated in the reference scenario and calculated as expressed
in Eq. (4).

E —E

Energy Saving [%] = —RBC_ —Cul » 100 (4a)
Egpc
. Pmax RBC — Pmax Ctrl
Max Power Reduction [%] = : : x 100 (4b)
P, max, RBC

COP¢,,; — COP,

COP Increase [%] = —— Cul __—- RBC 100 (40)

COPgrpc

T tank(t-1)
< 44,5 °C?

Yes

|

[ modHP = ON ] [ modHP = OFF J

ST4SI5R8 67

[ modHP = OFF J [ T tank < 44°C? ]
Yes No
l l time until start
modHP = OFF I modHP = ON l system = 1.75

hours?

Yes

time until start

system <1.25
hours?

Yes

v
[ modHP = OFF ] [ modHP = ON ]

Fig. 8. Classification tree for the estimation of modHP action.
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Fig. 9. Regression tree for the estimation of the TSetHP action.
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Fig. 10. Comparison between RBC, DRL and RE controller according to different KPIs in the reference scenario.
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Fig. 11. Cumulative electrical energy consumption over the testing episode achieved by the RBC, DRL and RE controllers in the reference scenario.

12



M.S. Piscitelli, A.A. Mele, G. Razzano et al.

Table 10
Percentage variation of energy performance metrics for the DRL controllers and
RE controller relative to the RBC baseline for the reference scenario.

Scenario Energy saving [%] Max power reduction [%] COP increase [%)]
DRL RE DRL RE DRL RE
Turin OB 21.4 12.6 49.6 439 14.8 15.6

In the equations, ‘Ctrl’ refers to either the DRL or RE controller.

To ensure a fair comparison, it was first necessary to confirm that all
controllers maintained a similar level of indoor air temperature condi-
tions. This was assessed by evaluating both the “Time Violation” and
“Average Temperature Violation”. Overall, all controllers maintained
temperature violations below 1% of the secondary loop’s operational
time and kept the average deviation under 0.1 °C, allowing for a consis-
tent and fair comparison of their energy-related performance. This is a
key result, as it confirms that the energy savings achieved by DRL and
RE, did not come at the expense of indoor air temperature control.

Both figures highlight the ability of the RE controller to approximate
DRL performance across all key metrics, offering a significantly more
practical implementation path. While DRL achieves the lowest total en-
ergy use (463 kWh), the RE controller follows closely (515 kWh), with a
relatively small performance gap. More importantly, RE delivers a sub-
stantial reduction in energy consumption compared to the RBC baseline,
demonstrating that the rule-extracted logic effectively encodes the core
behavioral patterns of the source DRL agents.

Fig. 10 also highlights the ability of RE controller to reduce maximum
power demand and improve the operational COP of the HP with respect
to RBC baseline, closely matching the performance of the DRL controller.

To better visualize the on/off logic learned by the RE controller,
Fig. 12 presents the operational state of the HP during the deployment
episode of the reference scenario. The carpet plot shows simulation days
on the y-axis and hours of the day on the x-axis, using a 15-minute reso-
lution. Periods of HP activity are shown in green, while inactive periods
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are shown in grey, clearly illustrating the temporal patterns of system
operation.

Fig. 12 reveals several key trends in the RE controller’s behavior.
On weekdays, a consistent pre-heating phase occurs between 4:30 and
5:00, before the secondary loop is activated. During daytime hours (6:00
to 18:00), HP operation strongly depends on outdoor temperature: as
the climatic conditions become milder, afternoon activations gradually
shorten by late February. At night and during weekends, the HP remains
mostly inactive, with activations most likely due to the safeguard rule’s
activation to prevent the TES temperature from dropping below a critical
limit.

A similar approach was used to visualize the control actions derived
from the supply water temperature regression trees, with the water sup-
ply temperature reported in Fig. 13. The figure reports a carpet plot,
where the color gradient from blue to red is associated with the sup-
ply water temperature setpoint selected by controllers. It is important to
note that during periods when the HP is inactive, the plotted tempera-
ture corresponds to the tank temperature, which must be considered for
accurate interpretation of the results.

Even in this case some key patterns can be inferred from the learned
control strategy. During the pre-heating phase, the water supply temper-
ature is increased to raise the TES temperature before the secondary loop
starts. During daytime operation, the supply water temperature peaks in
the early morning to cover the initial heating demand, then stays at a
moderate level until around 14:00, before decreasing in the afternoon.
At night and on weekends, the controller maintains the TES temperature
and aims to keep a high value of the COP for the HP.

4.3. Performance analysis of the RE controller across the transfer scenarios

After being evaluated in the reference scenario (Turin-OB), the RE
controller was also tested in the other 8 transfer scenarios described
above. The goal was to assess whether it could still outperform the base-
line RBC logic and achieve performance levels comparable to a DRL
agent specifically trained for each case.

Off On
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Fig. 12. Comparison of modHP actions for the RBC, DRL, and RE controllers over the testing episode in the reference scenario.
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Fig. 13. Comparison of supply water temperature setpoints for the RBC, DRL, and RE controllers over the testing episode in the reference scenario.

Fig. 14 shows a comparative analysis of the three controllers across
all scenarios using the defined KPIs. The DRL controller, tailored for each
individual case, represents the upper bound of performance. In contrast,
both RBC and RE rely on a fixed control logic. Since the RE controller
was trained solely on data from the reference scenario, its results in the
transfer scenarios provide a clear indication of its ability to generalize.

In all cases, the controllers achieved satisfactory indoor air temper-
ature control. While the DRL controller exceeded the 10% violation
time threshold in a few scenarios, the average temperature deviation re-
mained very low, indicating that temperature violations were minor and
short-lived. This ensured a consistent and fair basis for comparing the
controllers in terms of observed energy-related performance. In terms of
energy consumption, DRL performs best, with RE closely following in
most cases. The RE controller notably reduces energy use compared to
RBC, especially in colder scenarios where heating loads are higher. Even
for the milder climate conditions (e.g., transfer scenarios of Naples), RE
maintains a good trade-off, performing better than RBC and narrowing
the gap with DRL.

The max power demand plots reinforce this pattern. RBC is always
responsible for the highest electrical power demand. In contrast, both
DRL and RE stay well below. However, in some scenarios of cold cli-
mates (e.g., Turin-O2, Bolzano-OB and Turin-02), RE shows a noticeable
increase in max power compared to DRL. For example, in Bolzano 02,
RE peaks at 5.3 kW, which is about 3 kW higher than DRL. This suggests
that the rule-based logic, while effective on average, may not effectively
clip demand peaks under high load variability and different boundary
conditions.

In contrast, both DRL and RE maintain higher and nearly identical
COP values, demonstrating their ability to adapt to external climatic con-
ditions and adjust the supply water temperature based on actual thermal
demand.

Overall, the RE controller emerges as a reliable and scalable solution.
While DRL remains the reference in terms of absolute performance, the
marginal gains it offers over RE must be weighed against the increased
complexity, particularly in real-world applications where explainability
and control maintainability are critical.
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Eventually Table 11 presents the percentage improvement for each
scenario for the DRL and RE controllers relative to the RBC baseline,
calculated as expressed in Eq. (4).

In terms of energy savings, across all the scenarios RE achieves
values between 6.9% and 15.0%, while DRL ranges from 9.9% to
20.3%. Although DRL shows a higher saving potential, RE still de-
livers consistent and substantial reductions, particularly in colder cli-
mates (Turin and Bolzano). For max power reduction, RE displays the
widest variability, ranging from 22.8% to 61.3%, while DRL spans
from 27.0% to 66.2%. This indicates that DRL is generally more
robust in reducing max power demand, whereas RE’s effectiveness
can be more scenario-dependent. Regarding COP increase, both con-
trollers show significant and stable improvements over the baseline.
RE ranges from 12.8% to 23.4%, while DRL ranges from 14.4% to
27.1%.

Having demonstrated the overall superiority of both advanced con-
trollers over the RBC baseline, Table 12 provides a direct comparison
between the RE and DRL controllers. It reports the percentage differ-
ence in performance, where positive values indicate better results for
the RE controller, and negative values indicate a performance advan-
tage for DRL. This comparison helps quantify the trade-offs between
the two approaches, offering a clearer perspective on how effectively
the transferred RE controller performed against DRL agents specifically
trained for each scenario. Eventually, the activation frequency of the
expert-designed safeguard rule was evaluated to assess its impact on
the control strategy. For each scenario, the share of time during which
the HP would operate under the safeguard logic was computed. In all
tested cases, activations remained infrequent. Even in the most critical
scenario, Bolzano - 02, the safeguard was active for less than 3% of
total operating hours. Key performance indicators, including total elec-
trical consumption, average heat pump COP, and indoor temperature
violations, remained unaffected. Only peak power showed minor dif-
ferences, as activations occurred mainly during night hours when the
outdoor air temperature was low. Overall, the safeguard ensured safe
operation without altering the core behavior of the extracted control
logic.
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5. Discussion

The results demonstrated that RE control strategies, when properly
designed, could replicate the essential behaviors of advanced control
policies while maintaining robust performance across varied operat-
ing conditions. The ensemble-based RE approach developed in this
study offered a practical balance between accuracy, transparency, and
transferability, supporting its potential for real-world deployment.

Turin 02 Bolzano OB Bolzano O1 Bolzano O2 Naples OB Naples O1 Naples 02

Scenario

troller according to different KPIs in the transfer scenario.

In all tested scenarios, the RE controller outperformed the baseline
RBC. It reduced both energy consumption and maximum power demand
while ensuring stable indoor temperature control. Improvements in COP
closely aligned with those achieved by DRL agents, confirming that the
RE logic successfully captured efficiency-oriented behaviors. Although
DRL maintained superior performance in managing maximum power
demand, the RE controller represented a more stable and interpretable
solution with only limited performance degradation.
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Table 11
Percentage variation of energy performance metrics for the DRL controllers and
RE controller relative to the RBC baseline for each transfer scenario.

Scenario Energy saving [%] Max power reduction [%] COP increase [%]
DRL RE DRL RE DRL RE
Turin O1 17.1 13.7 54.0 60.0 18.7 21.0
Turin 02 171 14.3 60.5 29.7 22.3 18.8
Bolzano OB 17.2 14.6 66.2 44.1 18.4 15.4
Bolzano O1 141 15.0 60.9 61.3 27.1 23.4
Bolzano 02 17.8 14.8 65.2 22.8 20.1 19.0
Naples OB 18.2 6.9 27.0 37.1 14.4 12.8
Naples O1 9.9 8.2 49.6 48.1 20.3 16.4
Naples 02 20.3 9.2 36.9 31.8 17.5 16.2
Table 12

Differences between the percentage improvements of the DRL and
RE controllers compared to the RBC baseline.

Scenario A Energy saving A Max power A COP increase
[%] reduction [%] [%]
Turin OB -8.7 -57 +0.8
Turin O1 -35 +6.0 +2.2
Turin 02 -2.8 —30.8 -35
Bolzano OB —-2.6 —22.2 -3.1
Bolzano O1 +0.9 +0.5 -3.8
Bolzano 02 -3.0 —42.4 -1.1
Naples OB —-11.4 +10.1 -1.6
Naples O1 -1.7 -1.5 —-4.0
Naples 02 —-11.1 -5.1 -1.3

A key contribution of the study was the ensemble-based structure of
the RE process. Rather than depending on a single DRL agent, control
rules were extracted from a family of independently optimized agents.
This approach enabled the final controller to incorporate a broader
range of decision patterns, which helped prevent overfitting and im-
proved robustness under diverse conditions. The use of a majority voting
mechanism filtered out noisy actions and ensured a smoother and more
consistent control output.

The architecture of the RE controller, which separates binary ac-
tivation logic from temperature modulation, proved fundamental for
generalization. The DTs prioritized variables linked to system schedules
and system thermal dynamics. Features such as time until start system,
time until end system and TES water temperature emerged as dominant,
allowing the controller to anticipate demand and adjust its operation
according to external and internal conditions.

Transferability assessments confirmed that the RE controller main-
tained acceptable comfort levels even in scenarios with occupancy
patterns and climates that differed substantially from the training case.
In warmer climates, where operational conditions diverged more sig-
nificantly, the controller exhibited a moderate decline in performance.
However, it continued to outperform the RBC baseline. In cases with
more similar climate profiles, such as Bolzano, the RE controller closely
approached the DRL benchmark, with an energy savings gap of approx-
imately 3% compared to DRL when measured against the RBC.

Max power demand remained the metric where the RE controller
differed most from DRL. This gap reflected the DRL agents’ capacity
to fine-tune control actions over short time intervals, a capability that
static rule sets could only partially replicate. Nonetheless, the RE con-
troller preserved the core operational principles of the original agents
and proved resilient across a variety of boundary conditions.

Based on these findings, future work should extend the methodology
beyond its current scope and address its main limitations. A primary
step is to move beyond validation on a single system layout. The ap-
proach should be tested across a set of archetypal HVAC configurations
to assess scalability and general applicability under structurally different
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system layouts. In addition, the framework should be evaluated on more
complex energy systems. Relevant cases include hybrid HVAC configu-
rations integrating thermal and electrical storage, combined heating and
cooling technologies, and on site renewable generation. Such scenarios
introduce additional operational constraints and strengthen the need for
explicit multi-objective control formulations.

In parallel, the integration of real-time grid-side signals should be
considered. Moving beyond fixed price profiles to incorporate flexibil-
ity requests from transmission or distribution system operators would
enable the RE controllers to align local objectives with system-level con-
straints, allowing buildings to act as intelligent, grid-responsive assets.

A further development pathway involves coordinating RE controllers
across multiple buildings. In such a setup, individual RE units could
serve as modular elements within a decentralized or hierarchical archi-
tecture, where supervisory agents dispatch signals tailored to each site.
This would allow building clusters to deliver a coordinated response to
external inputs. Thanks to their compatibility with existing automation
systems, minimal reliance on cloud infrastructure, and low deployment
complexity, RE controllers appear well suited for large-scale adoption,
particularly in retrofit contexts or digitally limited environments.

6. Conclusion

This work introduced an innovative methodology to derive an ad-
vanced, interpretable, and transferable RE controller from a family of
DRL controllers. The Optuna framework was first used to identify a set
of high performing DRL controllers for a reference scenario. DTs rules
were extracted for each of these controllers and combined through a
majority voting scheme to build a robust, consolidated control policy.
A final RE process was then applied to this ensemble policy to obtain a
single RE controller. This controller was deployed both on the reference
case and on eight additional transfer scenarios with different occupancy
profiles and climate conditions, without requiring any structural adap-
tation. Its performance was evaluated against both a baseline RBC and a
tailored, scenario-specific DRL controller. As reported in Section 4 and
discussed in Section 5, the RE controller delivered solid energy perfor-
mance without compromising indoor air temperature control. Across all
tested scenarios and in comparison with the RBC baseline, it consistently
reduced energy consumption by at least 7%, lowered max power de-
mand by 23%, and increased the HP COP during operation by 13%.
The comparison with the DRL controller revealed a performance gap,
with the RE controller capturing on average 74% of the energy savings
and 86% of the max power reduction. This gap remains acceptable once
the advantages of the proposed approach are considered. The if-else
structure of the RE controller provides full interpretability and allows
operators to understand the rationale behind each decision. This level
of transparency strengthens confidence in the controller and makes it
possible for experts to intervene directly to refine its behavior, as shown
in this study through the modification and pruning applied to the re-
gression tree responsible for adjusting the supply water temperature
setpoint. Although its performance is slightly lower than that of a case-
specific DRL agent, the RE controller would be easier to implement in
real applications and its demonstrated transferability reduces the need
to design a custom controller for each operational scenario. It also shows
strong tolerance to variations in building usage, climate conditions, and
TES sizes. The results confirm that the controller can adapt reliably to
challenging and previously unseen boundary conditions while ensuring
stable and effective system operation.

However it applies only to cases sharing the same system layout.
Future work will therefore assess the process across a set of archety-
pal HVAC configurations to verify scalability under structurally different
systems. Further developments will follow two directions. First, the ap-
proach will be extended to more complex multi-zone buildings and
integrated energy systems including renewable generation. Second, it
will be scaled from single building applications to clusters of buildings,
enabling coordinated energy management strategies.
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