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 a b s t r a c t

This paper addresses the critical need for more efficient and adaptive building control systems to maximise 
occupant comfort while reducing energy consumption. Our objective is to explore the practical application of 
model-free Deep Reinforcement Learning (DRL) in real-world building environments by developing a system that 
learns and adapts to changing conditions, beginning its operation by imitating an existing Rule-Based Control 
(RBC) system. This approach ensures initial reliability and performance while setting the stage for advanced 
learning capabilities. The methodology involves two distinct phases. Initially, the DRL controller mimics the 
behaviour of the RBC system, using imitation learning with behavioural cloning as a safe and efficient strategy 
to achieve baseline operational efficiency. Subsequently, the controller is implemented within a real building in 
an online learning setting. In this phase, the controller utilises real-time data to continuously refine its control 
policy, responding adaptively to occupant behaviours and external environmental conditions. To validate our 
approach, we conducted a comprehensive analysis, comparing the performance of our DRL controller against the 
baseline RBC controller, another RBC, and a PI (Proportional-Integral) controller implemented in a digital twin 
model of the real office environment. Energy consumption and temperature violations related to a temperature 
acceptability range are considered as metrics, providing a robust framework for assessing the effectiveness of 
our system. The results indicate that our DRL controller, supported by imitation learning, outperforms the two 
RBCs by reducing energy consumption by 40% while reducing the cumulative sum of temperature violations by 
43% and 13% with respect to the two RBCs. Although the PI controller ensures better performance in terms of 
temperature violations compared to DRL, it requires 45% more energy than the proposed DRL controller due to 
its inherent inability to deal with multi-objective control problems. In conclusion, this paper demonstrates the 
feasibility and advantages of implementing advanced DRL techniques in real-world building control scenarios. 
Integrating imitation learning with a DRL controller offers a novel and effective way to enhance the scalability of 
DRL systems, expanding their application in buildings and driving significant improvements in energy efficiency.

1.  Introduction

Buildings represent a substantial fraction of worldwide energy con-
sumption, accounting for approximately 40%, and are responsible for 
about 30% of global greenhouse gas emissions [1]. In response to this 
challenge, researchers have focused on enhancing building energy effi-
ciency [2]. Heating, Ventilation and Air Conditioning (HVAC) systems 
stand out as the most energy-intensive systems in buildings [3]. Con-
sequently, improving their operations through advanced energy man-
agement strategies emerges as a viable solution to reduce their energy 
cost and enhance indoor comfort conditions for occupants in buildings 
[4]. At present, HVAC systems are mainly operated using Rule-Based
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Control (RBC) [5]. While these controllers are designed by building con-
trol specialists, often based on ASHRAE Guidelines 36 [6], they may ex-
hibit suboptimal performance, as they are reactive systems that strug-
gle with multi-objective control challenges [7,8], lacking the capacity to 
dynamically modify their control strategies in anticipation of external 
factors, such as weather changes, that affect energy consumption and 
indoor comfort [9].

In this scenario, the increased access to historical building data, 
driven by the widespread integration of Internet of Things (IoT) de-
vices and Information and Communication Technologies (ICT), offers 
significant advantages [10,11]. This wealth of data enables the design of 
more advanced control strategies that can predict and estimate building
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Nomenclature

𝛼 Boltzmann temperature coefficient
𝛽 Temperature term weight of reward function
𝑄̇sol Solar radiation [W∕m2]
𝑄̇tabs Heating power delivered by TABS [kW]
𝜖 Clipping parameter of the surrogate objective function
𝛾 Discount factor
∇̂𝜃𝐽 (𝜃) Gradient of the expected return objective function
𝜇 DRL Learning rate
𝑇i Upper limit of temperature comfort range [◦C]
𝑇viol,daily Mean value of the daily average temperature violation 

rate [◦C]
𝜋𝜃𝑜𝑙𝑑 Previous control policy
𝜋𝜃 Current control policy
𝜃 Parameters of the control policy
𝑇i Lower limit of temperature comfort range [◦C]
𝑏occ Occupancy boolean variable
𝐸tabs Energy consumption associated with the TABS opera-

tion [kWh]
𝑓𝑜𝑐𝑐 Occupancy fraction over each control time step
𝐽 (𝜃) Expected return objective function
𝐿𝐶𝐿𝐼𝑃 (𝜃) Clipped surrogate objective function
𝑟 Reward function
𝑟(𝜃) Probability ratio between the new and the old policy
𝑟𝐸 Energy term of reward function
𝑟𝑇 Temperature term of reward function
𝑇i Indoor air temperature [◦C]
𝑇n Neighboring room temperature [◦C]
𝑇o Outdoor air temperature [◦C]
𝑇viol,daily Cumulative sum of daily temperature violation [◦C]
𝑇viol Cumulative sum of temperature violation [◦C]
𝑢𝑡 Percentage opening of the valve
Acronyms

AHUs Air Handling Units
BC Behavioural Cloning
BESS Battery Energy Storage System
DNNs Deep Neural Networks
DRL Deep Reinforcement Learning
FMI Functional Mock-up Interface
FMU Functional Mock-up Unit
HVAC Heating, Ventilation and Air Conditioning
HVRF Hybrid Variable Refrigerant Flow
ICT Information and Communication Technologies
IL Imitation Learning
IoT Internet of Things
KL Kullback–Leibler
MAPE Mean Absolute Percentage Error
MDP Markov Decision Process
MPC Model Predictive Control
ODBC Open DataBase Connectivity
PI Proportional-Integral
PIRs Passive Infrared Sensors
PPO Proximal Policy Optimisation
PV Photovoltaic
RBC Rule-Based Control
RC Resistance-Capacitance
RL Reinforcement Learning
RMSE Root Mean Squared Error
TABS Thermally Activated Building System
TES Thermal Energy Storage
TL Transfer Learning
TRPO Trust Region Policy Optimisation
VAV Variable Air Volume

conditions and energy system behaviours, both in real-time and in the 
future, thus addressing the shortcomings of conventional HVAC control 
techniques [12].

These advanced control strategies can be divided into two main cat-
egories: model-based and model-free methods. Model-based approaches 
involve the use of a detailed model that represents the system being con-
trolled. The model is then used in an optimal control problem to find 
the optimal control policy. On the other hand, model-free methods do 
not require an explicit model of the environment, as they can find a 
near-optimal control policy through a trial-and-error learning process.

Model Predictive Control (MPC) has become one of the most exten-
sively studied model-based control approaches in recent literature, par-
ticularly for HVAC systems, due to its capability to predict future system 
dynamics and adjust to varying boundary conditions [13,14]. The op-
timisation features of MPC have gathered significant attention within 
the building sector [15], as it effectively balances indoor comfort with 
energy efficiency, reducing energy consumption while enhancing occu-
pant conditions [16,17].

Despite its benefits, the widespread implementation of MPC is still 
limited, primarily due to its model-dependent nature. Adopting MPC 
necessitates a comprehensive and precise model of the specific build-
ing and energy systems involved, which requires considerable time and 
effort to develop [4,18].

To address these limitations, researchers have explored implement-
ing model-free control strategies, such as Reinforcement Learning (RL) 
[19]. RL employs a trial-and-error interaction with the controlled envi-
ronment to learn a near-optimal control policy 𝜋∗, which maps the re-
lationship between states and actions to maximise the cumulative sum 
of future rewards [20].

Within RL domain, Q-learning is recognised as an effective algorithm 
for addressing Markov Decision Process (MDP) without requiring prior 
knowledge of the environment. As the most commonly used method 
in the RL family, it operates within a tabular framework to estimate 
state-action values, also known as Q-values, derived from interaction 
with the environment [21]. However, when Q-learning is applied to 
environments with large state and action spaces, typical of real-world 
scenarios, it faces challenges related to scalability and memory effi-
ciency [22]. To overcome these limitations, Deep Reinforcement Learn-
ing (DRL) provides a promising alternative by leveraging neural net-
works to approximate Q-values. Given the complexity and non-linearity 
inherent in building control problems, Deep Neural Networks (DNNs) 
are frequently employed in RL algorithms, thereby leading to a DRL ap-
proach [23].

DRL has been applied to enhance energy management in buildings, 
optimising indoor temperature and comfort conditions for occupants 
while optimising the operation of energy systems according to grid re-
quirements. The analysis of the current state-of-the-art reveals success-
ful applications of RL in simulated environments in the management of 
supply water temperature [24,25] and mass flow rate in generation sys-
tems [26,27], management of supply air temperature and mass flow rate 
in Air Handling Units (AHUs) [28], optimisation of the indoor temper-
ature setpoint [29], and of the operation modes of generation systems 
[30], management of the charging and discharging process for Thermal 
Energy Storage (TES) [31] and Battery Energy Storage System (BESS) 
[32].

Training a RL agent to interact with a controlled environment and 
derive an optimal control policy can be accomplished through two pri-
mary approaches: online DRL and offline DRL. The online method re-
flects an ideal scenario where a model-free DRL agent is implemented 
directly within a real building [11]. In this context, the agent progres-
sively learns the optimal control policy via trial and error while manag-
ing the system in real-time, without any prior offline training [30].

However, this approach tends to be inefficient, as it necessitates 
numerous interactions to reach convergence and may involve navi-
gating extreme conditions within the controlled environment, poten-
tially resulting in suboptimal performance, especially during the early 
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stages of deployment [33]. Consequently, the direct application of a DRL 
agent in a real building is often impractical due to economic and safety
concerns.

To address these issues, a common strategy in the literature is to 
conduct offline pre-training of DRL controllers using surrogate models 
of building and energy systems before deployment. This approach en-
ables the DRL controller to be trained beforehand, significantly reducing 
the risks associated with real-world implementation. Researchers fre-
quently employ detailed engineering models created with energy mod-
elling software (i.e. EnergyPlus [34]) and programming language, such 
as Modelica [35].

While the offline training method for DRL agents has produced im-
pressive results, it faces considerable challenges in terms of scalabil-
ity and generalisability. The distinctive characteristics of each build-
ing necessitate the development of either data-driven or physics-based 
surrogate models. Developing data-driven surrogate models requires a 
minimum threshold of monitoring data from the controlled building. 
In contrast, developing physics-based models can be a labour-intensive 
process, as it requires access to detailed building information—which 
may not always be readily available—and specialised expertise in the 
relevant domain [36].

To overcome these practical challenges, knowledge-reuse strategies 
like Transfer Learning (TL) and Imitation Learning (IL) present promis-
ing solutions to improve the scalability of DRL controllers, thereby fa-
cilitating their application in real-world buildings.

Transfer learning is a machine learning approach where a model 
trained on a specific task (the source task) in a particular domain is 
adapted to tackle a new, related task (the target task) [37]. This new 
task may share characteristics with the original task, either within the 
same domain or across different domains [38]. Imitation learning, on 
the other hand, aims to replicate the behaviour of an expert agent 
that performs well on a specific task. This approach fundamentally in-
volves learning to associate observations with actions, which simplifies 
the teaching process by demonstrating the actions necessary to achieve 
a given objective [39]. Among the various IL strategies, Behavioural 
Cloning (BC) stands out as a straightforward yet powerful form of IL, 
particularly when applied to DRL. BC is performed offline and consists 
of pre-training a policy network on a dataset of expert demonstrations. 
This phase uses conventional supervised learning techniques to replicate 
the expert’s actions given the observed states. The objective is to min-
imise the difference between the agent’s and expert’s actions, often mea-
sured by loss functions like mean squared error or cross-entropy loss. 
Next, the agent interacts with the environment and is further trained 
using the standard reinforcement learning workflow. This online train-
ing allows the agent to imitate the expert initially and successively 
improve the control policy by exploring and optimising the reward
function.

The next section reviews literature studies that focus on the applica-
tion of TL and IL in the framework of DRL controllers applications for 
building energy management purposes. Afterwards, the research gaps 
and contributions of this paper are discussed.

1.1.  Related works on knowledge-sharing approaches for DRL controllers

The implementation of TL and IL strategies for smart building con-
trol has recently gained attention, as its applications in this field are rel-
atively new compared to other areas within machine learning. Imple-
menting these knowledge-reusing strategies for DRL controllers could 
enable the direct deployment of controllers in real-world buildings with 
strong initial performance.

Lissa et al. [40] introduced an intra-transfer learning method called 
parallel transfer learning, which facilitates knowledge sharing among 
five different agents during their training process, eliminating the need 
to wait until training is complete. This transfer approach was applied 
in a microgrid consisting of five homes, each equipped with its energy 

system that included a Photovoltaic (PV) system and a heat pump. Each 
home had its own DRL controller responsible for managing the heat 
pump to minimise energy costs. As a result, training time was reduced 
by a factor of five, and energy savings of 10% were achieved com-
pared to the scenario without transfer. Coraci et al. [41,36] proposed 
an online TL approach that utilised two knowledge-sharing techniques: 
weight initialisation and imitation learning. Their studies evaluated the 
performance of the transferred DRL controller in terms of electricity cost 
savings and reduction of indoor temperature violations. The online TL 
method was designed to mimic real-world implementation. The DRL 
controller managed a cooling system consisting of a chiller and cold 
thermal storage and was tested across various target buildings to eval-
uate the effectiveness of the transfer strategy. Performance was bench-
marked against a RBC and two DRL-based control policies: one deployed 
online without pre-training and another deployed following an offline 
pre-training phase. In both cases, source and target buildings shared the 
same spatial layout but differed in weather conditions, electricity pric-
ing, occupancy schedules, and building envelope characteristics. Results 
in [41] showed that the online TL approach improved indoor temper-
ature conditions by 50% and 80% compared to the RBC and the non-
pre-trained DRL agent, respectively. Similar findings were reported in 
[36], where the online TL approach was evaluated for source and target 
buildings that differed in their energy systems, with the target buildings 
equipped with PV systems and BESS. Nweye et al. [42] presented a TL 
approach that integrates IL to replicate the behavior of a RBC using five 
months of measured data. This process involved weight initialisation 
to pre-train the DRL controllers before deployment in an energy com-
munity where buildings were equipped with appliances, PV panels, and 
BESS. The DRL controllers independently managed each BESS to min-
imise electricity costs and carbon emissions from grid electricity. The 
results showed that transferring the DRL control policy between build-
ings within the energy community achieved similar performance while 
significantly reducing training time.

Imitation learning applications have been explored more recently in 
the framework of energy management in buildings. Hou et al. [43] de-
veloped an integrated TL approach that constructs an optimal source 
domain dataset from multiple source buildings. Parameters from this 
optimal multi-source dataset are then transferred to the target DRL con-
troller, significantly reducing training time and improving performance 
by 20% compared to training a DRL model from scratch. Addition-
ally, this method reduces the average temperature deviation by up to 
14%. Liu et al. [44] introduced a generative adversarial IL approach 
that leverages expert demonstrations from a MPC to enhance the per-
formance of a DRL controller managing a Variable Air Volume (VAV) 
system for cost reduction and load shifting in a commercial building. 
This approach achieved better performance than a RBC by increasing 
the cumulative reward by 22% and by 7% compared to a DRL con-
troller without imitation learning. Dey et al. [39] implemented an IL 
strategy for a DRL agent controlling the indoor temperature setpoints of 
a five-zone office building to reduce energy consumption and minimise 
thermal discomfort. The implementation of IL allowed to reduce by 6% 
the average cost and to improve the average score by 7% during the test-
ing phase compared to a rule-based heuristic policy. Amasyali et al. [45] 
employed a student-teacher distillation process to transfer knowledge 
from ten pre-trained DRL controllers used for managing cooling energy 
supply to a target building. The approach achieved a cumulative reward 
comparable to that of a DRL controller pre-trained over ten episodes, 
while significantly outperforming both a DRL agent without pre-training 
and a fixed setpoint controller. To conclude, Kadamala et al. [46] pro-
posed a hybrid approach combining imitation learning for pre-training 
with RL for fine-tuning. The authors utilised a behavioural cloning tech-
nique to select heating and cooling setpoints in a five-zone residential 
setup. The results showed a 10% improvement in total reward com-
pared to a DRL agent trained from scratch, indicating enhanced overall
performance.
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1.2.  Research gaps and novelties of the proposed contribution

Despite promising advancements, most DRL applications for con-
trolling energy systems in buildings are still predominantly confined 
to simulated environments. Real-world deployment of DRL controllers 
poses significant challenges due to economic constraints and safety con-
cerns linked to the trial-and-error learning process of model-free ap-
proaches [11]. Theoretically, a DRL agent could be trained directly 
in a real building, progressively improving its control policy through 
continuous interaction with the environment [30]. However, this re-
sults in extended times to converge towards a near-optimal control 
policy, which conflicts with occupant comfort requirements and may 
lead to suboptimal performance, especially during initial deployment
phases [33].

A common approach researchers explore to overcome this limitation 
consists of pre-training the DRL controllers offline using detailed engi-
neering models. However, creating engineering models of the buildings 
is a time-consuming activity that requires domain expertise and compre-
hensive technical data (e.g., thermophysical properties, energy systems 
details) of the buildings[41]. These requirements limit the scalability of 
DRL-based solutions, as each deployment phase in different buildings 
requires the development of a customised surrogate model.

Based on these limitations, the present paper proposed the devel-
opment of a model-free approach based on imitation learning and its 
further real-world implementation in a real testbed to enhance the scal-
ability of DRL controllers in buildings.

To the best of the authors’ knowledge, imitation learning strategies 
have never been applied in real-world settings, as previous studies have 
confined their use to simulated applications. This paper addresses this 
gap by proposing a model-free approach based on imitation learning for 
the real-world deployment of DRL controllers in buildings.

Specifically, a DRL controller using the Proximal Policy Optimisation 
(PPO) algorithm has been implemented in a real office building located 
in Dübendorf, Switzerland. Theoretical aspects regarding PPO are pro-
vided in Section 2, while general foundations about DRL controllers can 
be found in [20,47]. The developed methodology employs an imitation 
learning framework in which the controller’s policy is pre-trained to 
replicate an existing RBC strategy using historical data collected from 
the building. The controller regulates the water flow supplied to a Ther-
mally Activated Building System (TABS) by adjusting the valve opening 
percentage, to reduce energy consumption while maintaining optimal 
indoor temperature conditions.

The main contributions of this paper are as follows:

• A behavioural cloning-based imitation learning technique is em-
ployed to pre-train through a supervised learning approach the Actor 
network of the PPO controller, using data collected during the op-
eration in the real building of a RBC strategy. This approach allows 
the controller to perform effectively from the early stages of deploy-
ment, reducing the duration of the learning process and improving 
the scalability of DRL controllers across different buildings without 
requiring complex engineering models.

• While prior research has explored transfer learning and fine-tuning 
to improve DRL controllers in simulated environments, this paper 
pioneers the practical application of knowledge reuse through imi-
tation learning in a real-world setting. By pre-training the DRL con-
troller using behavioural cloning, this approach overcomes the lim-
itations of extended fine-tuning over multiple heating/cooling sea-
sons, bridging the gap between simulation-based research and prac-
tical DRL applications in energy management.

• Unlike conventional DRL applications that focus mainly on simu-
lation, this study demonstrates the real-world deployment of the 
PPO controller with an online learning mechanism, enabling con-
tinuous adaptation of the control policy. This facilitates dynamic re-
sponses to occupant behaviours and changing environmental condi-
tions, thereby ensuring sustained energy efficiency and comfort.

• A detailed thermal Resistance-Capacitance (RC) model of the build-
ing was developed in Modelica, serving as a digital twin that closely 
mimics the actual building’s behaviour. This model was fine-tuned 
with real-world data to provide a robust comparison of the PPO 
controllers performance against traditional RBC and Proportional-
Integral (PI) strategies, evaluating energy savings and indoor tem-
perature control performance.

The structure of the paper is as follows: Section 2 describes the meth-
ods applied in the study, and Section 3 outlines the framework used 
for implementing the imitation learning process and deploying the DRL 
controller in the real building. Section 4 provides details on the imple-
mentation process. The results are presented in Section 5, with Section 6 
exploring the implications of the findings. Lastly, Section 7 offers sug-
gestions for future research directions.

2.  Methods

2.1.  Proximal policy optimisation

PPO is a DRL-based algorithm derived from the policy gradient 
method Trust Region Policy Optimisation (TRPO) [48]. As a member of 
the policy gradient methods family, PPO optimises the policy function 
directly to maximise cumulative rewards. Being an on-policy algorithm, 
PPO relies solely on data collected from the current policy. On-policy 
methods generally offer greater stability and are less sensitive to hyper-
parameter adjustments.

PPO combines both value-based and policy-based approaches, 
demonstrating good performance across a wide range of tasks [49], as 
well as stability and robustness to variations in hyperparameters and 
network architectures [50]. Policy-based methods focus on learning a 
control policy 𝜋𝜃(𝑎|𝑠) that maximises the expected return 𝐽 (𝜃), typi-
cally expressed as 𝔼𝜋𝜃 (𝐺𝑡), where 𝜃 denotes the policy parameters. A 
PPO agent estimates the gradient ∇̂𝜃𝐽 (𝜃) stochastically from previously 
collected experience trajectories and applies a gradient ascent update 
during training, as defined below: 
𝜃𝑡+1 = 𝜃𝑡 + 𝜇 ⋅ ∇̂𝜃𝐽 (𝜃) (1)

where 𝜃𝑡 and 𝜃𝑡+1 represents the parameters of the policy at time 𝑡 and 
𝑡 + 1, 𝜇 is the learning rate and ∇̂𝜃𝐽 (𝜃) is the gradient of the expected 
return objective 𝐽 (𝜃).

PPO seeks to optimise the expected return of the current policy while 
constraining how much it can differ from the previous policy. This is 
achieved through a surrogate objective function that balances the ex-
pected return of the new policy with a restriction on its deviation from 
the old one. Instead of using a Kullback–Leibler (KL) divergence con-
straint as in TRPO [51], PPO adopts a simpler approach by applying a 
clipped surrogate objective, 𝐿𝐶𝐿𝐼𝑃 (𝜃) which directly limits how far the 
new policy can deviate from the previous policy [39]:

𝐿𝐶𝐿𝐼𝑃 (𝜃) = 𝔼
[

𝑚𝑖𝑛
(

𝑟(𝜃) ⋅ 𝐴̂𝜃(𝑠, 𝑎), 𝑐𝑙𝑖𝑝(𝑟(𝜃), 1 − 𝜖, 1 + 𝜖) ⋅ 𝐴̂𝜃(𝑠, 𝑎)
)]

(2)

where 𝐴̂𝜃 represents the advantage function , corresponding to the dif-
ference between the expected return of a specific action and the value 
of the state, 𝜖 is the clipping parameter tht limits how the new policy is 
alloweD to deviate from the old policy during training. Moreover, the 
term 𝑐𝑙𝑖𝑝(𝑟(𝜃), 1 − 𝜖, 1 + 𝜖) is a clipping mechanism that limits the magni-
tude of the probability ratio 𝑟(𝜃), thereby preventing excessive updates 
to the policy. 𝑟(𝜃) refers to the ratio of probabilities of taking action 𝑎
in state 𝑠 respectively under the new policy 𝜋𝜃 and the old policy 𝜋𝜃𝑜𝑙𝑑 , 
defined as follows: 

𝑟(𝜃) =
𝜋𝜃(𝑠|𝑎)
𝜋𝜃𝑜𝑙𝑑 (𝑠|𝑎)

(3)

PPO utilises an actor–critic architecture, where the Actor is respon-
sible for maximising the clipped objective along with an entropy term,
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while the Critic minimises the value function loss to enhance value es-
timates. These value estimates are then used to compute the advantage 
function 𝐴̂𝜃 [52].

2.2.  Imitation learning

IL is a strategy that allows an agent to learn to perform tasks by 
mimicking expert behaviour rather than through trial-and-error inter-
actions with the environment [53,54]. The agent learns a control policy 
that approximates the expert’s performance without requiring extensive 
exploration or interaction with the environment. In IL framework, an 
agent is defined as an entity that operates independently within an en-
vironment to accomplish a specific objective [55]. IL differs from RL, as 
it does not involve the agent learning solely from its own experiences. 
Instead, IL utilises the actions demonstrated by a teacher to inform the 
agent’s behaviour [56]. In this process, the target agent accesses tra-
jectories provided by the expert, which encompass a series of states or 
state-action pairs [57]. Additionally, the agent can save these observed 
transitions in a buffer for later use. The IL paradigm is based on super-
vised learning, where the agent learns a mapping from states to actions 
using a dataset of expert demonstrations. This approach is particularly 
beneficial in scenarios where the agent is required to rapidly acquire 
competence by leveraging the knowledge of an expert.

Gavenski et al. [56] provide a recent classification of IL methods, 
dividing them into behaviour cloning, dynamics model methods, adver-
sarial methods, hybrid methods, and online methods.

• Behavioural cloning represents the foundational approach in imita-
tion learning, employing a methodology akin to supervised learning 
[58] to guide the agent in replicating the trajectory demonstrated 
by the teacher. In this framework, the agent learns to predict the 
most probable action corresponding to a given state using the dataset 
derived from the teacher agents implementation. By utilising state-
action pairs, the agent acquires the ability to emulate the teacher 
based on the data observed. However, this technique can become 
resource-intensive in more intricate scenarios, as it necessitates nu-
merous samples and a comprehensive understanding of how actions 
influence the environment [56].

• Dynamics model methods, also known as model-based imitation 
learning, refers to a learning strategy that derives teacher behaviour 
not from direct action information but through interactions with dy-
namic models. The development of dynamics models typically in-
volves some level of online interaction, wherein the agent actively 
engages with the environment while focusing on a particular task. 
These models can be classified into two categories: inverse dynam-
ics models, which estimate the probability of each action based on 
state transitions without requiring labelled state-action pairs, and 
forward dynamics models, which capture the environment’s dynam-
ics by predicting subsequent states based on previously experienced 
conditions.

• Adversial methods involve the creation of an artificial reward func-
tion that incentivises the agent by rewarding behaviours that closely 
resemble those of the teacher. These methods fall under the category 
of model-free approaches, as they do not model the dynamics of the 
environment; instead, the policy is developed through a trial-and-
error process during interactions with the environment.

• Hybrid methods produce more robust policies by integrating dy-
namics models with adversarial methods. This combination provides 
a temporal signal that narrows the gap between the teacher and the 
student while incorporating intrinsic knowledge about the dynamics 
of the environment [59].

• Online methods enable the agent to learn the teacher’s behaviour 
by accessing information in real-time rather than relying on pre-
recorded demonstrations. This approach is particularly beneficial 
when real-time feedback from the teacher is accessible or when the 
agent must adapt to rapidly changing conditions. However, online 

imitation learning can present challenges in designing a reward func-
tion or modelling a policy function, especially if these aspects are 
complex to define.

3.  Methodology

This section delineates the methodological framework employed in 
this study, comprising three primary stages, as shown in Fig. 1. The 
first step involves collecting data from the baseline controller, which is 
used to pre-train the control policy with BC. Next, the DRL controller 
is deployed in the real building, improving its policy while controlling 
the system. Finally, a digital twin of the system is used to compare the 
performance of the considered controllers.

Imitation learning. The first step of the methodological framework 
involves generating the dataset used for imitation learning, followed by 
the application of behavioural cloning. In this stage, the baseline con-
troller is implemented for 15 days to manage the TABS system in a real 
building, collecting data on the controller’s actions and the correspond-
ing system states. This dataset is then used to train a neural network to 
approximate the RBC control policy by employing a standard supervised 
learning approach, where the network learns to match the baseline con-
troller’s actions based on the observed states. The performance of the 
DRL controllers is influenced by various hyperparameters that require 
careful tuning. Consequently, the most critical hyperparameter values 
are optimised through an automated procedure.

Real-world implementation. The second step of the methodologi-
cal framework aims to implement the DRL controller in the real testbed. 
This implementation phase lasted approximately 14 days and included 
the implementation and testing processes of the control strategy. The 
real-world implementation is carried out in alignment with the infras-
tructure of the real testbed, ensuring efficient communication and con-
trol of the building’s HVAC systems. Initially, the DRL control policy 
mimics the RBC strategy, but being implemented in an online learning 
setting, it improves its policy while interacting with the environment to 
be controlled.

Performance benchmarking. In the final step of the methodological 
process, the performance of the DRL controller implemented in the real 
office is compared to that of the baseline controller, as well as a differ-
ent RBC and a PI controller, in terms of energy consumption and indoor 
temperature control. This comparison is conducted using a digital twin 
developed in Modelica. The operation of the baseline controller, the al-
ternative RBC, and the PI controller are all simulated under the same 
real-world conditions in which the DRL controller was tested.

4.  Implementation

4.1.  Case study description

Similarly to [21], the proposed imitation learning approach was im-
plemented on the HiLo (High Performance – Low Emissions) unit, a 
module included in the NEST building [60], represented in Fig. 2(a). 
The NEST building is a modular research and innovation facility [61] 
located in Dübendorf (Switzerland) and part of the Swiss Federal Labora-
tories for Materials Science and Technology (EMPA). Featuring a central 
backbone and three open platforms, the building accommodates various 
research and innovation modules. This research environment represents 
an ideal case study for our controller. HiLo is a living lab with a large 
availability of sensors and data sources to monitor physical variables, 
with the collected data systematically archived in a dedicated database.

The HiLo unit is occupied from Monday to Saturday from 7:00 to 
21:00, and it includes two floors. The lower level accommodates two 
office spaces, while the upper floor features an open-space area. For our 
investigation, we selected the office shown in Fig. 2(b) as a case study, 
situated on the southwest side and covering an area of 22.94m2. This 
office is equipped with three HVAC systems: a ceiling-mounted inte-
grated TABS, a Hybrid Variable Refrigerant Flow (HVRF) system, and 
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Fig. 1. Methodological framework adopted in this paper.

a conventional ventilation system. Due to constraints regarding access 
to low-level controls, our study exclusively focused on the TABS sys-
tem to manage the water flow rate of the TABS every 5 minutes (i.e., 
control time step 𝑘) by determining the percentage of valve opening 
𝑢valve ∈ [0, 1]. The valve is of the changeover type, and the inlet temper-
ature is maintained at a constant value, heated by hot water supplied 
by the backbone.

Table 1 
Time and indoor temperature conditions for the RBC pre-
heating phase.
 Combination  Time condition  Temperature condition
 1 3:00 ≤ 𝑡 < 4:00 𝑇i − 𝑇i ≥ 1 ◦C
 2 4:00 ≤ 𝑡 < 5:00 𝑇i − 𝑇i ≥ 0.5 ◦C
 3 𝑡 ≥ 5:00 𝑇i − 𝑇i ≥ 0 ◦C

4.2.  Baseline controller

The baseline controller relies on the bang-bang control principle, tog-
gling between fully closing (i.e., 𝑢valve = 0) or opening (i.e., 𝑢valve = 1) the 
valve [21]. This RBC controller (called RBC1) consists of a pre-heating 
phase and a standard heating phase, which starts at 𝑡 = 7:00. The pre-
heating phase starts at 𝑡 = 3:00 and activates the TABS based on indoor 
air temperature readings and the time of day, as outlined in Table 1. Fol-
lowing the pre-heating phase, the controller manages the TABS to open 
the valve when the indoor temperature falls below the lower acceptable 
temperature threshold 𝑇i (i.e., 21 ◦C) and closes it when the temperature 
exceeds the upper threshold 𝑇i (i.e., 23 ◦C). This strategy is active until 
occupants leave the building at 𝑡 = 21:00, ensuring the valve remains 
fully closed on Sundays to save energy since the office is not occupied.

Another version of this controller, referred to as RBC2, has been con-
sidered in this work. The only difference from the RBC1 control logic is 
that RBC2 employs a narrower temperature range, from 21 ◦C to 22 ◦C.

4.3.  PI controller

In this work, a PI controller was also implemented as a benchmark 
to compare its performance with that of the DRL controller. The PI con-
troller adjusts the control input based on the error between the measured 
indoor temperature 𝑇i and the desired setpoint 𝑇sp of 22 ◦C, using both 
proportional and integral actions.

The control law of the PI controller is given by the following equa-
tion: 

𝑢(𝑡) = 𝐾p𝑒(𝑡) +𝐾i ∫

𝑡

0
𝑒(𝜏) 𝑑𝜏 (4)

where: 𝑢(𝑡) is the control output (i.e., the valve opening percentage), 𝐾p
is the proportional gain, 𝐾i is the integral gain, 𝑒(𝑡) = 𝑇sp − 𝑇i is the error 
at time 𝑡, defined as the difference between the setpoint temperature 
𝑇sp = 22 ◦C and the measured indoor temperature 𝑇i.

The proportional term 𝐾p𝑒(𝑡) responds to the current error by ad-
justing the control output proportionally to the magnitude of the error. 
The integral term 𝐾i ∫

𝑡
0 𝑒(𝜏) 𝑑𝜏 takes into account the accumulated error 

over time, helping to eliminate any steady-state offsets by integrating 
past errors.

The tuning of the proportional and integral gains, 𝐾p and 𝐾i, was car-
ried out to ensure a balance between fast response and setpoint tracking 
without excessive oscillations.

4.4.  Imitation learning process

The state and action pairs data collected by the baseline RBC has 
been stored in a dataset in the form of tuples. The dataset has been 
divided into training and testing sets, with a proportion of 80% and 
20%, respectively. Next, an optimisation with Optuna [62] has been 
performed to find the best hyperparameters for the neural network rep-
resenting the policy. The network was trained on the training dataset 
using an Adam Optimiser and evaluated on the testing data using the 
coefficient of determination 𝑅2 metric. Table 2 shows the hyperparam-
eters considered in the optimisation, with their ranges and final optimal 
value.
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Fig. 2. (a) HiLo unit in the NEST building of EMPA and (b) Office 1 of HiLo employed as a case study in this paper.

Table 2 
Values and range of hyperparameters optimised with Optuna 
during the imitation learning process.
 Hyperparameter  Value  Step  Best value
 Learning rate  [10−6, 10−2] 10−6 6 ⋅ 10−4

 Number of hidden layers  [1, 4]  1  3
 Number of neurons per layer  [32, 128]  32  64

4.5.  Design of DRL controller

The implementation of DRL controllers requires defining their main 
features, such as action space, state space, and reward function. In this 
work, the action-space 𝐴 is continuous and defined as 𝐴𝑘 at each control 
time step 𝑘, equal to 5 minutes. At each step, the agent chooses the valve 
opening percentage, which is linearly correlated to the fraction of the 
nominal heating power (i.e., 0.9 kW) supplied by the TABS.

𝐴 ∶ 0 ≤ 𝑢𝑘 ≤ 1 (5)

In this study, the state-space of the DRL agent includes the 23 fea-
tures detailed in Table 3, along with their respective lower and upper 
bounds used for rescaling the state space via min-max normalisation. 
Outdoor Air Temperature 𝑇o and Global solar radiation 𝑄̇sol are included 
in the state-space due to their significant impact on building heating 
energy consumption and indoor temperature. The 6-hour time horizon 
for 𝑇o ensures that the DRL agent receives sufficient information to an-
ticipate future changes in outdoor conditions and providing an effective 
control strategy while maintaining a manageable state-space complex-
ity. Information about Indoor air temperature 𝑇i is included by defining 
the temperature difference relative to the two temperature limits (i.e., 
𝑇i − 𝑇i and 𝑇i − 𝑇i) specified by the acceptable temperature range, ensur-
ing an adaptive definition. By combining these two variables, the DRL 
agent gains knowledge of the indoor temperature in relation to the tem-
perature acceptability range. The features outlined so far are integrated 
into the state-space at the current time step 𝑘 and over the previous 
15 and 30 minutes, alongside the information on the power supply in 
the environment by the TABS 𝑄̇tabs. This approach enhances the DRL 
controller’s capability to understand the dynamics of the environment. 
Moreover, hourly predictions for the outdoor temperature have been 
provided for the next 6 hours. To conclude, the information about oc-
cupant presence is provided by three different variables: the occupancy 
fraction over each 5-min control time step 𝑓occ, time to occupancy start 
and time to occupancy end. The 𝑓occ variable was integrated to notify 
the DRL agent about the presence of occupants and, thereby, the pos-
sible occurrence of additional indoor gains that may reduce the energy 

demand for TABS. The other two variables indicate the time remaining 
until the following modification in the occupancy pattern. When the 
building is unoccupied, time to occupancy start indicates the number 
of time steps left before occupants’ arrival time (equal to zero when the 
building is occupied), while during occupied periods, time to occupancy 
end denotes the number of time steps until occupants’ departure time 
(equal to zero during off-occupancy periods).

Moreover, Table 3 indicates in the Data origin column whether each 
variable was directly measured or calculated. In detail, 𝑇o and 𝑄̇sol were 
directly measured using sensors installed on-site to measure outdoor 
environmental conditions, while outdoor air temperature forecast was 
retrieved from an external service (i.e. Solcast). 𝑄̇tabs was directly mea-
sured as it was provided by the controlled valve, which provided the 
thermal power supplied to the office, while 𝑓occ was measured using a 
sensor that provided real-time occupancy information for each 5-minute 
timestep 𝑘. Otherwise, the temperature differences from indoor temper-
ature (i.e., 𝑇i − 𝑇i and 𝑇i − 𝑇i) were calculated using the measured indoor 
temperature 𝑇i obtained from sensors and the predefined lower and up-
per bounds of the temperature acceptability range. To conclude, time 
to occupancy start and time to occupancy end were calculated by com-
bining the known occupancy schedule of the building with the current 
time of day.

The reward function is defined as the weighted combination of the 
energy consumption associated with the TABS operation Etabs and com-
fort violations, which quantify the squared deviation of the zone tem-
perature from the desired temperature limits. The reward function r is 
defined as follows: 
𝑟 = −(𝜆 ⋅ 𝐸𝑡𝑎𝑏𝑠 + 𝑏𝑜𝑐𝑐 ⋅ [max(0, 𝑇i − 𝑇i)2 + max(0, 𝑇i − 𝑇i)2] (6)

where 𝑏𝑜𝑐𝑐 is a Boolean variable equal to 1 during working hours and 
0 otherwise, while 𝜆 is a weighting factor set to 1 to equally penalise a 
1 kWh energy consumption or a 1 ◦CC deviation from the temperature 
acceptability range. In this paper, we implemented the PPO from Sta-
ble Baselines 3 [63] with hyperparameters chosen based on experience 
and according to the practical implementation framework of the algo-
rithm. In detail, the number of hidden layers (i.e., 3) and the number 
of neurons per hidden layer (i.e., 64) are equal to those found during 
the optimisation carried out by means of Optuna during the imitation 
learning process, while the values of the other PPO hyperparameters are 
reported in Table 4.

4.6.  Simulation environment and digital twin development

A co-simulation environment was established to integrate Modelica 
[35] with a Python interface utilising the OpenAI Gym framework [64]. 
This setup aimed to evaluate the performance of various controllers im-
plemented within the developed digital twin during a benchmarking 
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Table 3 
Variables included in the state-space.
 Variable  Min value  Max value  Unit  Timestep  Data origin
𝑇o  261.15  293.15 K 𝑘−30min, 𝑘−15min, 𝑘, 𝑘+1h, …, 𝑘+6h  Measured
𝑄̇sol  0  800 W∕m2 𝑘−30min, 𝑘−15min, 𝑘  Measured
𝑄̇tabs  0  0.9 kW 𝑘−30min, 𝑘−15min  Measured
𝑇i − 𝑇i −5  5 ◦C 𝑘−30min, 𝑘−15min, 𝑘  Calculated
𝑇i − 𝑇i −5  5 ◦C 𝑘−30min, 𝑘−15min, 𝑘  Calculated
 Time to occupancy start  0  407  – 𝑘  Calculated
 Time to occupancy end  0  169  – 𝑘  Calculated
𝑓occ  0  1  – 𝑘  Measured

Fig. 3. Simulation environment architecture enabling the interaction between Modelica and Python.

Table 4 
Values of PPO agent hyperparame-
ters. Note that # Optimisation epochs
in this table refers to the number of 
passes over each mini-batch during a 
single PPO update step.
 Hyperparameters  Value
 Discount factor  0.95
 Batch size  64
 Train frequency  576
 GAE lambda  0.85
 Clip range  0.1
 # Hidden layers  3
 # Neurons per hidden layer  64
 Learning rate 𝜇 10−5

 # Optimisation epochs  2

phase. Fig. 3 displays the configuration of the simulation environment. 
The building and energy systems were modelled in Modelica on the 
OpenModelica platform [65], employing version 10.0.0 of the Buildings 
library [66]. Python managed the co-simulation process by utilising the 
Functional Mock-up Interface (FMI) 2.0 standard [67] and the pyfmi
package [68].

The FMI standard facilitates the standardised packaging and ex-
change of simulation models through Functional Mock-up Unit (FMU)s. 
Python was employed to handle the loading, execution, and real-time 
interaction of the FMU, which encompasses components related to the 
building and HVAC systems.

At each simulation step, the Modelica-based building model receives 
control actions from the Python interface as input. However, for bench-
marking purposes and to ensure a fair comparison between PPO and the 
RBCs and PI controllers, the performance of PPO was evaluated in the 
digital twin. This approach ensured that any modelling errors associated 
with the development of the digital twin were consistently considered 
for the controllers evaluated during the benchmarking phase. There-
fore, when PPO was tested in the digital twin the control actions were 
not generated dynamically by the PPO controller developed in Python. 
Instead, the control actions chosen by PPO during its real-world opera-
tion were collected and provided directly to the Modelica-based digital 
twin model as input.

Additionally, real data—including outdoor temperature conditions, 
solar radiation, and occupancy information—was supplied as inputs to 
the Modelica FMU. These inputs are also integrated into the state space 
of the controller, as discussed in the next subsection, which focuses on 
the design of the DRL-based controller. Key outputs from the Modelica 
FMU include critical data such as the energy consumption of the TABS, 
indoor environmental conditions, and other relevant information nec-
essary for defining the state space of the implemented controller (e.g., 
time of day). The interaction between the FMU generated in Modelica 
and Python is dynamic, occurring at each simulation time step. In this 
paper, the simulation time step is set to 5 minutes, which is in line with 
the control time step utilised in the real building. To ensure an adequate 
representation of the system dynamics, the Modelica model is simulated 
with a time resolution of 1 minute. At this resolution, the solver ex-
changes information with the FMU at each simulation step, effectively 
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capturing the thermal and hydraulic dynamics of the system. However, 
interactions with the controller are sampled every 5 minutes, which cor-
responds to the control time step adopted in the study. This approach 
allows the dynamics of the system to be resolved with high fidelity while 
maintaining computational efficiency in the decision-making processes 
of the controllers. While a finer control time step might yield slightly 
different results, it would also increase computational demands without 
providing a significant improvement in the accuracy of the evaluated 
scenarios. This sampling strategy ensures a balance between a detailed 
representation of the system and practical computational feasibility. 

A detailed white-box model of the controlled system was developed 
to train the DRL controller and evaluate the performance of various con-
trollers following real-world deployment. Built in Modelica [35] using 
the Buildings library [66], the model captured both the dynamic be-
haviour of the building and and a detailed representation of the HVAC 
system.

The facade was modelled using lumped parameter elements: a sub-
model computed the mass and energy balance for the zone air volume, 
while the opaque facade components—such as the ceiling, floor, and 
vertical partitions separating the zone from adjacent spaces or the ex-
ternal environment—were represented as thermal resistance and capac-
itance layers corresponding to construction materials. The model also 
included thermal bridges and a comprehensive representation of ther-
mal gains from transparent envelope elements.

The TABS model incorporated its water mass content, the thermal 
resistance and capacity of the concrete layers embedding the pipes, and 
the pipes pressure drop, providing a realistic representation of heat ex-
change with the zone.

Parameter values for the model were initially derived from building 
descriptions and drawings. Certain parameters were then selected for 
calibration to align simulated output profiles with measured data. The 
calibration focused on the zone air temperature and the return water 
temperature of the TABS, ensuring the model accurately reflected both 
zone and TABS thermal dynamics. Internal gains from occupancy were 
estimated by combining monitored occupancy data with suitable con-
vective and radiant heat gain values per person, based on typical office 
activities. Non-HVAC appliances were modelled using realistic sched-
ules inferred from occupancy patterns.

The calibration process targeted parameters such as the thermal ca-
pacities of the TABS and internal air volume, as well as the thermal 
resistance representing facade thermal bridges. The internal air volume 
was modelled in the emulator as a lumped object governed by mass and 
energy balance equations. While the air mass was fixed based on ge-
ometric calculations, a multiplier was introduced for thermal capacity 
during calibration. These parameters, which strongly influenced the dy-
namic behaviour of the building, were refined iteratively. Fine-tuning 
improved the alignment of simulated outputs with sensor measurements 
by adjusting the time constants of both the building and TABS.

Root Mean Squared Error (RMSE) and Mean Absolute Percentage Er-
ror (MAPE) were used to assess indoor temperature accuracy and energy 
consumption, respectively. Since energy consumption was closely linked 
to return temperature, the measured supply temperature and flow rate 
were used as model inputs. The calibrated model showed satisfactory 
results, achieving RMSE equal to 0.62 ◦C for indoor temperature and 
MAPE values equal to 9.9% for energy consumption.

4.7.  Real-world implementation

The baseline controller and the DRL control agent obtained from 
the imitation learning process operated within a Python virtual envi-
ronment and were deployed in the real testbed by means of a remote 
desktop PC, equipped with a 4-core CPU running at 3.40GHz and 16GB 
of RAM, serving as the central hub for the control logic. Data from sen-
sors are gathered by a Programmable Logic Controller (PLC) situated in 
HiLo, which furthermore sends the control signals to actuators using the 
Modbus RTU RS485 protocol and standard analogue/digital signals. The 

PLC communicates via the multiplatform, open-source OPC-UA proto-
col with a gateway hosted on a virtual machine. This gateway transmits 
the collected data from the lower level to an MS-SQL historical database 
using the Open DataBase Connectivity (ODBC) protocol. A virtual ma-
chine accessible remotely through a REST API and integrated in Python 
hosts the database in the NEST cloud. Real-time data and control signals 
are exchanged between the remote client and the gateway server using 
the OPC-UA protocol. Due to the specific control architecture of the 
NEST units, the control signal must include additional overhead. This 
includes a signal requesting remote controllability of the system and 
a square wave watchdog signal that alternates between true and false 
states every thirty seconds to maintain remote control of the system.

The real-world implementation phase is divided into two main parts: 
from 15 to 30 November 2023, the baseline controller was implemented 
to control the TABS and collect data used in the imitation learning phase 
to extract the initial control policy for the DRL controller. Afterwards, 
the DRL controller was implemented from 23 February to 7 March 2024, 
in an online learning setting so that the controller could update its con-
trol policy by interacting with the real building. The performance of 
the DRL was compared with that of the RBC implemented in a digital 
twin developed in Modelica for our case study and calibrated employing 
data measured in the real building between 15 and 30 November 2023. 
The digital twin consists of a detailed RC model that includes modelling 
the real energy system and thermal zone. The RBC controller was im-
plemented considering the same outdoor conditions related to the real-
implementation phase of the DRL controller. A second implementation 
of the RBC, called RBC2, has been considered in order to compare the 
performance against that of a better controller. RBC2 employs the same 
logic as RBC1, except the operation range which has been reduced to 21 
and 22 ◦C. These values were defined after seeing that RBC1 frequently 
overshooted the upper bound of 23 ◦C due to the system’s thermal in-
ertia. The performance benchmarking was carried out in terms of the 
energy consumption 𝐸tabs associated with the operation of the TABS, 
measured in kWh, and of the cumulative temperature violations 𝑇viol
measured in ◦C, during the whole implementation period, defined as 
follows:

𝑇viol =
𝑁
∑

𝑘=0
𝑏occ,𝑘 ⋅ 𝑇viol,𝑘 (7)

𝑇viol,𝑘 is the temperature violation computed at each timestep 𝑘 as 
|𝑇i − 𝑇i| if 𝑇i < 𝑇i (i.e., 21 ◦C), or |𝑇i − 𝑇i| if 𝑇i > 𝑇i (i.e., 23 ◦C), otherwise 
𝑇viol,𝑘 = 0 [36].

5.  Results

This section summarises the results obtained from the implementa-
tion of the behavioural cloning strategy in Office1. Initially, the out-
comes from the training process of the Actor of the PPO controller 
are described. Then, details about the real-world deployment of PPO 
controller and the comparison with its performance in the digital twin 
are discussed. In conclusion, the performance of the proposed imita-
tion learning strategy is compared to that of three reference controllers: 
RBC1, RBC2, and PI. These controllers were tested in the digital twin 
over the same period as the real-world application, from 23 February to 
7 March 2024.

Fig. 5 presents two key performance metrics, RMSE and the coef-
ficient of determination 𝑅2, to evaluate the model’s performance on 
both the training and test datasets over 1000 epochs. In the top panel, 
RMSE curves for the training (blue) and test (green) datasets show a 
general downward trend, indicating improved performance as training 
progresses. Initially, both RMSE values are relatively high but decrease 
rapidly in the first 200 epochs before gradually declining further. While 
the test RMSE remains slightly higher than the training RMSE through-
out, the small difference suggests normal generalisation rather than 
overfitting. Both curves stabilise around 600 epochs, signalling conver-
gence. The bottom panel presents the 𝑅2 curves for the training and test 
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Fig. 4. The system physical layout. Adapted from [21].

Fig. 5. Performance of the model over 1000 epochs, i.e. full pass over the train-
ing dataset. The top panel shows the RMSE, and the bottom panel shows the 𝑅2

for both the training and test datasets. The solid lines represent the mean values, 
and the shaded areas indicate ±1 standard deviation across 5 random seeds.

datasets, which demonstrate a steady improvement. The training 𝑅2 ap-
proaches values close to 1, indicating an excellent model fit, while the 
test 𝑅2 stabilises near 0.97. Despite the small gap between training and 
test performance, both metrics show sustained improvement with con-
tinued training, suggesting effective generalisation with no significant 
overfitting.

Fig. 6 depicts the real-world data collected during the application of 
the behavioural cloning strategy. It includes the indoor temperature 𝑇i, 
the measured heating power supplied by the TABS 𝑄̇tabs, the selected 
control action 𝑢valve, the supply and return water temperatures 𝑇s and 
𝑇r , as well as the outdoor temperature 𝑇o, the temperature of the nearest 
room 𝑇n, and the solar radiation 𝑄̇sol during the implementation period.

The PPO controller, applied after the behavioural cloning process, 
successfully keeps the indoor temperature within the acceptable range 
during the analysis period. However, exceptions occur on the second, 
seventh, and thirteenth days, when sudden door or window openings 
cause temperature drops in the early hours of occupancy (around 7:00). 
In these cases, the controller responds by fully opening the valve to 
boost heating power and restore the temperature to acceptable levels. 
Furthermore, the proposed strategy helps reduce energy consumption 
during occupancy by alternating between two energy management ap-

proaches. On some days, it closely replicates the behaviour of the RBC, 
while on others, it reduces the operating time of the TABS by utilis-
ing free thermal gains from occupants, appliances, and solar radiation. 
Moreover, as the action is directly proportional to the heating power 
supplied by the TABS, the trends of heating power and control action 
are generally very similar. However, in certain cases, slight differences 
may appear due to variations in the temperature difference between the 
supply and return water in the TABS. These variations can influence 
the heating power delivered despite the control action being consistent, 
reflecting the dynamic thermal response of the system.

Fig. 7 compares the performance of the PPO agent in the real-world 
setting with its behaviour in the digital twin of Office1 during the sec-
ond week of the analysis period (i.e., 1–7 March 2024). The figure illus-
trates both indoor temperature trends and energy consumption profiles, 
demonstrating how the controller performs in real conditions compared 
to the digital twin. In the digital twin, the boundary conditions were 
set to match those of the real-world scenario, and the PPO controller 
executed the same actions as in the real-world implementation.

Fig. 7 indicates that the PPO controller implemented within the digi-
tal twin demonstrated energy consumption performance closely aligned 
with that of the real building operation. While the temperature pro-
files were largely consistent, minor discrepancies were observed due to 
occasional temperature spikes during real-world operations, attributed 
to factors not represented in the digital twin model, such as doors or 
windows being opened. A comparative analysis of the energy consump-
tion between the real and the digital twin implementation for the pe-
riod from 23 February to 7 March 2024 showed nearly identical values 
(𝐸tabs,real1 = 37.9kWh vs 𝐸tabs,twin1 = 37.4kWh), with a variation of about 
2% in 𝑇viol. The performance metrics for assessing indoor temperature 
and energy consumption profiles for the DRL controller in both the real 
building and the digital twin were RMSE𝑇i = 0.53 ◦CC for temperature 
and MAPE𝐸tabs

= 7.4% for energy consumption.
Fig. 8 shows the performance of the RBC1, RBC2, PI and PPO con-

trollers over a two-week experimental period, focusing on energy con-
sumption and cumulative sum of temperature violations. In Fig. 8, the 
Score term is used to represent the values of the two evaluated met-
rics, TABS energy consumption (𝐸tabs) and the cumulative sum of tem-
perature violations (𝑇viol). The x-axis indicates the respective metric 
being evaluated, while the bar heights correspond to the results ob-
tained for each controller (RBC1, RBC2, PI, and PPO). 𝑇viol is expressed 
in ◦C, as it represents the cumulative sum of temperature violations 
from the acceptable range, according to the definition of this metric 
as indicated in Eq. (7) in Section 4.7. As described in Section 4.6, the 
benchmarked controllers were implemented using a calibrated Modelica 
model of the building that functioned as a digital twin, adhering to the 
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Fig. 6. The top plot shows the indoor temperature 𝑇i with the respective bounds, the heating power 𝑄̇tabs and the control action 𝑢valve are depicted in the second 
subplot. The TABS supply/return water temperature profiles 𝑇s and 𝑇r are shown in the third subplot. The bottom plots show the outdoor temperature 𝑇o, the 
temperature of the nearest room 𝑇n, and the solar radiation 𝑄̇sol. The data have been collected during the implementation of PPO controller in the target office for 
the period 23 February - 7 March 2024.

same boundary conditions as the real-world implementation of the PPO
controller.

Although the PPO controller was trained on data obtained under the 
RBC1 policy, it reduced energy consumption by 41% than RBC1 and 
by 38% than RBC2. Furthermore, the PPO controller achieved a 43% 
reduction in 𝑇viol compared to RBC1, and a 13% reduction compared 
to RBC2. These improvements are largely due to the online learning ca-
pabilities of the PPO, which enabled it to continually optimise its con-
trol policy, resulting in enhanced energy efficiency and superior indoor 
temperature management relative to the two RBC controllers. Compar-
ing the performance of PPO with that of the PI controller, it emerges 
that the PI controller ensures better temperature control performance, 
reducing 𝑇viol by 58% compared to PPO, but at the cost of consuming 
about 45% more energy. In this case, the PPO is able to manage the 
TABS better to meet both control objectives, overcoming the limitations 
of traditional controllers like PI, which cannot handle multi-objective 
control problems.

In conclusion, Fig. 9 illustrates the indoor temperature with the cor-
responding temperature ranges (in yellow) for the RBC1, RBC2, PI, and 
PPO controllers. The second subplot displays the outdoor temperature, 
while the third subplot presents the control actions of each controller. 
The final subplot shows the solar radiation.

Fig. 9 shows that the control policy of the PPO closely represents 
that of the RBC it was trained on. Specifically, while the control ac-

tions may vary continuously, the PPO tends to behave similarly to an 
ON-OFF controller. However, the PPO agent also explores new actions, 
which allows for the refinement of its policy over time. Towards the 
end of the experimental period, the PPO learned to switch off earlier 
than the RBC which it was trained on, and successfully adapted its pol-
icy to the system dynamics, maintaining indoor temperatures closer to 
the lower bound compared to the two RBCs. This adaptation enabled 
effective energy savings while keeping indoor temperatures within the 
desired comfort range. While the PPO operates within a continuous ac-
tion space, allowing for finer adjustments to the valve position, its ex-
ploration mechanism results in frequent variations in the action value at 
each control step 𝑘. This dynamic adaptability enhances its ability to re-
fine its policy and adapt to changing conditions. However, compared to 
the RBC1 and RBC2 controllers, which operate in a discrete action space, 
and the PI controller, which also utilises a continuous action space but 
with smoother adjustments, the frequent actuation of the PPO controller 
may increase stress on the valve and reduce its operational lifespan. 
Future work could address this limitation by introducing a regularisa-
tion term or reward penalty to encourage smoother action trajectories, 
balancing system performance with reduced wear on the actuator. On 
the other hand, the PI controller aims to maintain the indoor tempera-
ture around the setpoint value of 22 ◦C, effectively avoiding temperature
violations on the lower limit (i.e., 21 ◦C) of the acceptability range and 
only recording violations when exceeding the upper limit (i.e., 23 ◦C), as 
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Fig. 7. Comparison of indoor temperature and energy consumption profiles between real and digital twin implementations for PPO in Office1 during the period 1–7 
March 2024.

Fig. 8. Overall results obtained during the experimental period from the imple-
mentation of RBC1, RBC2, PI and PPO controllers in the Office1 digital twin.

occurs only on the seventh day of the analysis period. In this case, the PI 
controller keeps the valve closed (i.e., 𝑢valve = 0) but records violations 
due to unexpected conditions in Office1, such as the sudden opening of 
the door or an increased number of occupants entering the room com-
pared to typical working days. Additionally, compared to PPO, the PI 
controller manages to limit the valve opening to around a maximum 

of 80%. However, the management of TABS by the PI controller leads 
to an increase in energy consumption compared to other benchmark 
controllers, as also discussed in Fig. 8. Although the PPO controller out-
performed the benchmark controllers analyzed, an anomalous behavior 
was observed. Specifically, between the sixth and seventh day of the 
analysed period, the PPO controller failed to activate the TABS even 
though the indoor temperature was below the lower limit of the ac-
ceptable range, 𝑇i, during occupancy hours. This behavior appears to 
be linked to the reliance of PPO controller on the occupancy fraction 
as a key parameter in its decision-making process. In this context, the 
PPO controller erroneously anticipated that endogenous heat gains from 
occupancy would suffice to restore the indoor temperature within the 
comfort range, thereby avoiding TABS activation when it was actually 
necessary.

6.  Discussion

This study presents an imitation learning-based approach to en-
hance the scalability of a DRL controller for real-world building ap-
plications. The proposed method addresses the challenge of deploying 
DRL controllers by significantly reducing not only the pre-training phase 
but mainly avoiding the need for a surrogate building model to pre-
train the agent. By employing behavioural cloning during the imitation 
learning stage, the DRL controller was initialised with a policy derived 
from a baseline rule-based controller. This approach allowed the con-
troller to start from a known behavior and adapt its policy during the
deployment phase, where it operated in an online learning mode, con-
tinuously adjusting to changes in occupancy and external conditions.
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Fig. 9. Comparison of indoor temperature profiles and action selection for the analysed RBCs, PI and PPO controllers implemented in the Office1 digital twin during 
the experimental period.

Although the method avoids the need for a surrogate model during 
pre-training, it is still necessary to develop a model for benchmarking 
purposes. In this study, a well-calibrated digital twin was used to eval-
uate the DRL controllers performance against two rule-based strategies 
(RBC1 and RBC2) and a PI controller. The digital twin was calibrated 
with real building data to closely match real conditions, ensuring that 
the benchmarking accurately reflected the real-world performance of 
the controllers. The results showed that the DRL controller implement-
ing the behavioural cloning strategy, achieved higher energy efficiency 
while ensuring better indoor temperature conditions than RBCs. In con-
trast, the PI controller demonstrated better temperature regulation due 
to its consistent control logic, but it was the least efficient controller 
in terms of energy consumption. This indicates that while the PI con-
troller may stabilise indoor temperatures more effectively during rapid 
changes, it does so at the cost of higher energy use, making it less suit-
able for energy-efficient control.

Extending the experiment to a year or another season would require 
more extensive data for behavioural cloning (BC) to ensure the policy 
generalises across all conditions. Seasonal changes alter the state space, 
especially the normalisation of power values, as heating and cooling 
needs shift. After the initial training with BC, RL-based controllers can 
adapt dynamically through online learning, continuously refining their 
policy based on real-time interactions. This makes RL well-suited to han-
dle long-term and seasonal variations, even though the stability of the 
learning process and the speed of adaptation are critical factors to con-
sider when evaluating long-term performance.

Despite the proposed approach ensuring good performances, several 
factors need to be addressed when considering the imitation learning 
approach. The quality of the data used during the behavioural cloning 
process is of paramount importance, as it directly influences the ini-
tial performance of the DRL controller. Poor-quality data could limit 
the effectiveness of the imitation learning phase, making it difficult for 

the controller to adapt effectively during the online phase. While the 
approach simplifies deployment by eliminating the need for detailed 
pre-training models, the quality of the monitoring infrastructure in real 
buildings may still present a challenge, as it is often less comprehen-
sive than in controlled environments such as living labs. Data quality 
can also be influenced by the accuracy of the sensors. If sensors do not 
measure the variables correctly, they may provide inaccurate informa-
tion to the controller, leading to suboptimal decisions. Therefore, it is 
important to assess the effectiveness of the sensors through a sensitivity 
analysis, which can help identify the impact of sensor inaccuracies on 
the control strategy [69].

The proposed behavioural cloning strategy differs from transfer 
learning approaches, where control policies are transferred from one 
building to another. Instead, the behavioural cloning strategy focuses 
on acquiring knowledge within the same environment, which avoids 
the need to adapt the controller across different settings. This simpli-
fies deployment but could limit scalability when applying the approach 
to buildings with diverse characteristics. Future research could explore 
hybrid methods combining behavioural cloning with TL, allowing the 
controller to start with initial knowledge transfer and fine-tune its per-
formance across different environments.

The experiments were carried out for a building equipped with a 
TABS system, which may not fully represent other HVAC configurations 
or building types. Further studies could explore the applicability of the 
approach in various climates, different HVAC systems, and more inte-
grated energy systems, including PV and BESS.

Another limitation is linked to the need for a safety mechanism for 
unsafe conditions that could be experienced by occupants. While the ex-
isting fallback system includes a mechanism that switches to a default 
control strategy if the DRL encounters malfunctioning or connection
losses, it does not fully account for scenarios where conditions may be 
unsafe for both occupants and the energy systems. Enhancing the safety 
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mechanism to detect not only occupant discomfort but also potentially 
harmful situations for the energy infrastructure of the building would 
improve the robustness of the fallback system. This could involve incor-
porating thresholds for vital parameters related to HVAC operation or 
occupants’ conditions, triggering the fallback mode when these thresh-
olds are exceeded.

The expert effort required in the different phases of the methodol-
ogy has been quantified using an approximate percentage of the over-
all implementation time. Data cleaning accounted for approximately 
10%, communication infrastructure development 20%, and setting up 
and tuning the PPO controller 30%. The remaining 40% was allo-
cated to validation, monitoring, and system refinement. While these 
values provide a general idea of the workload distribution, they may 
vary depending on the specific case and the complexity of the building
systems.

Moreover, an adequate monitoring and control infrastructure is a 
fundamental prerequisite for applying the proposed approach in real 
buildings. Installing such systems in buildings without them may involve 
costs ranging from e5000 to e20,000 per thermal zone, depending on 
the building’s complexity and the desired level of instrumentation. The 
installation time may vary from one to three months, accounting for 
hardware procurement, installation, and integration with existing sys-
tems. For occupancy data, low-cost Passive Infrared Sensors (PIRs) [70], 
typically ranging between e10 and e50, can be employed. These sen-
sors provide a binary signal indicating the presence of occupants, which 
is sufficient for many energy management applications. Their accuracy 
is generally high, with an error margin of 5–10%, but they cannot pro-
vide detailed information about the number of occupants. Regarding 
solar radiation, it is not always necessary to install dedicated sensors, 
which may cost between e100 and e500. Reliable data can be obtained 
from online services like the Solcast API [71], which offers solar radi-
ation data with less than 10% error, representing a practical and cost-
effective solution.

This combination of simplified observation spaces, affordable sen-
sors, and external data sources enhances the scalability and applicabil-
ity of the methodology in real-world building contexts. Nevertheless, 
the quality of the monitoring infrastructure in real buildings may still 
present challenges, as it is often less comprehensive than in controlled 
environments such as living labs. Poor sensor accuracy or incomplete 
data could lead to controllers making suboptimal decisions. A sensitivity 
analysis could be used to assess the robustness of the proposed method 
under varying levels of data accuracy.

Another aspect of this study was the choice of baseline controllers for 
benchmarking the proposed DRL-based methodology. The comparison 
was conducted against RBCs and PI controllers, which are widely used 
and practically implemented in real-world building environments. This 
approach was adopted to ensure that the evaluation reflects realistic and 
practical building control practices.

While advanced control strategies, such as those presented in [72,73] 
are valuable contributions to the field of building control and similar to 
the approach proposed in this work, their inclusion in this study was 
deemed beyond its scope. Such controllers, while demonstrating the po-
tential of hybrid or advanced DRL-based methodologies in research con-
texts, are not broadly implemented in operational buildings and thus do 
not represent a standard benchmark in practice. The focus of this study 
was to highlight the advantages of the proposed DRL-based controller 
in comparison to control strategies that are currently employed in real-
world scenarios, offering a practical perspective on its benefits in terms 
of energy efficiency and temperature management.

Future work could explore broader comparisons, including advanced 
DRL implementations and hybrid strategies, to position the proposed ap-
proach within the broader landscape of innovative control methodolo-
gies. Such comparisons could provide valuable insights into the adapt-
ability and scalability of DRL-based systems when assessed against hy-
brid methodologies or strategies specifically designed to address barriers 
to DRL adoption.

In conclusion, this study demonstrates that imitation learning can 
improve the scalability and feasibility of DRL controllers in real build-
ing environments by reducing the need for complex model development 
and pre-training phases. The findings suggest that this approach can ef-
fectively bridge the gap between advanced control methods and prac-
tical implementation, opening new opportunities for applying machine 
learning techniques to optimise smart building operations while ensur-
ing stable and efficient operation from the early stages of deployment.

7.  Conclusion

This study introduces an imitation learning-based approach to en-
hance the scalability and practicality of DRL controllers in real-world 
building applications. By employing behavioural cloning during the im-
itation learning phase, the DRL controller was initialised with a policy 
derived from a baseline rule-based controller (RBC1), thereby eliminat-
ing the need for detailed pre-training models or surrogate building mod-
els commonly required in traditional DRL implementations.

The proposed DRL controller, utilising the PPO algorithm, was im-
plemented in a real office building equipped with TABS. Its performance 
was compared against three reference controllers: RBC1, RBC2, and a PI 
controller. These controllers were tested over a two-week period, from 
23 February to 7 March 2024, using a calibrated digital twin of the 
building to ensure accurate benchmarking under the same boundary 
conditions.

The results demonstrated that the DRL controller significantly im-
proved energy efficiency while maintaining acceptable indoor temper-
ature conditions. Specifically, the DRL controller reduced energy con-
sumption by 41% compared to RBC1 and by 38% compared to RBC2. In 
terms of indoor temperature control, the DRL controller reduced the cu-
mulative sum of temperature violations 𝑇viol by 43% compared to RBC1 
and by 13% compared to RBC2. These improvements are attributed to 
the online learning capabilities of the DRL controller, which allowed it 
to continuously optimise its control policy in response to real-time data 
and changing conditions.

Compared to the PI controller, the DRL controller achieved substan-
tial energy savings but with a trade-off in temperature control precision. 
The PI controller ensured better temperature regulation, reducing 𝑇viol
by 58% compared to the DRL controller, but consumed approximately 
45% more energy. This indicates that while the PI controller may track 
the temperature setpoint better, it does so at the cost of higher energy 
use, making it less suitable for energy-efficient control.

While the proposed approach simplifies deployment by eliminating 
the need for complex pre-training models, it relies on high-quality data 
during the behavioural cloning process. The accuracy of sensors and the 
comprehensiveness of the monitoring infrastructure are critical factors 
that can influence the effectiveness of the controller. Additionally, the 
study focused on a building equipped with TABS, and further research 
is needed to assess the applicability of the approach to other HVAC con-
figurations and building types.

In conclusion, the findings demonstrate that behavioural cloning can 
effectively enhance the scalability of DRL controllers in real building 
environments, achieving significant energy savings and improved in-
door temperature control compared to traditional RBCs. The approach 
bridges the gap between advanced control methods and practical im-
plementation, opening new opportunities for applying machine learning 
techniques to optimise smart building operations while ensuring stable 
and efficient operation from the early stages of deployment.

Future work will focus on extending the methodology to more com-
plex HVAC systems, exploring interactions with photovoltaic and stor-
age systems, and incorporating occupant feedback into the control prob-
lem. Additionally, testing other DRL-based control algorithms and im-
plementing alternative control strategies, such as MPC, could further 
improve performance. Exploring transfer learning could also assess 
whether the control policy developed in this study can be successfully 
transferred to other buildings or environments.
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