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 a b s t r a c t

This paper proposes a methodology for optimizing HVAC control in multi-zone buildings using Deep Reinforce-
ment Learning. The study focuses on optimizing the central AHU system by controlling all low-level components 
within both the air and water loops, addressing the complex dynamics of multi-zone interactions. The case study 
is based on a building within the Politecnico di Torino campus. Modelica-based simulations are used to model 
both the HVAC system and building dynamics, allowing the integration and evaluation of the ASHRAE G36 con-
trol standard as a benchmark. Two DRL strategies are developed and evaluated, Zone-Aware and Zone-Integrated, 
under both winter and summer conditions, with the goal of improving energy efficiency, indoor temperature con-
trol, and indoor CO2 concentration, under varying occupancy profiles. The results reveal that both DRL strategies 
outperform the G36 baseline in terms of energy savings (up to 17%), indoor temperature violations, and CO2
concentration. Additionally, DRL controllers demonstrate strong generalizability and adapt seamlessly to unseen 
occupancy profiles without manual tuning. This research highlights the potential of DRL to provide scalable, 
adaptive, and energy-efficient HVAC control solutions for multi-zone buildings.

1.  Introduction

The building sector is responsible for more than a third of global 
energy consumption and emissions [1]. Among building systems, heat-
ing, ventilation and air conditioning (HVAC) systems account for almost 
50% of the total energy in office and residential buildings [2]. Venti-
lation plays a crucial role in maintaining thermal comfort and indoor 
air quality (IAQ) by providing and distributing conditioned outdoor air 
across different building zones. However, this process requires signifi-
cant energy input due to the operation of complex networks of fans and 
ducts. Although proper ventilation prevents air stagnation and mitigates 
indoor pollutant accumulation, excessive airflow leads to unnecessary 
energy consumption, whereas inadequate ventilation compromises air 
quality and may pose health risks [3,4]. The balance of energy efficiency 
and occupant well-being remains a critical challenge in the management 
and control of the HVAC system.

This challenge is further amplified in multi-zone HVAC systems, 
where nonlinear airflow dynamics and inter-zone interactions make the 
control problem highly complex. Due to shared ductwork and ventila-
tion networks, adjustments in one zone can unintentionally affect air-
flow and temperature conditions in adjacent spaces [5,6]. Furthermore, 

∗ Corresponding author.
 E-mail address: alfonso.capozzoli@polito.it (A. Capozzoli).

determining a single optimal supply air temperature for all zones is 
challenging, as thermal loads and occupant preferences vary [7]. These 
complexities require adaptive control strategies capable of dynamically 
managing ventilation to optimize both energy use and occupant com-
fort.

Traditional HVAC systems rely on rule-based hierarchical con-
trol frameworks, where a supervisory controller adjusts setpoints for 
lower-level controllers that regulate actuators (e.g., valves, dampers, 
and fans). ASHRAE Guideline 36 (G36) [8] provides a structured ap-
proach for optimizing Variable Air Volume (VAV) systems in multi-zone 
buildings. Incorporates supply air temperature reset, duct static pres-
sure reset, and zone airflow control strategies to improve energy effi-
ciency. Simulation-based studies indicate that G36 can achieve 31% 
HVAC energy savings in medium-sized commercial buildings com-
pared to conventional rule-based methods [9]. Despite these advan-
tages, rule-based controllers remain static and struggle to adapt to 
dynamic environmental conditions. Additionally, tuning Proportional-
Integral-Derivative (PID) controllers in multi-zone systems is labor-
intensive, requiring expert calibration to maintain optimal performance 
under varying occupancy patterns, weather conditions, and system
loads.
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To address these limitations, Model Predictive Control (MPC) and 
Deep Reinforcement Learning (DRL) have emerged as promising alterna-
tives for HVAC optimization. MPC uses predictive modeling to optimize 
control actions over a given time horizon [10]. It has been successfully 
implemented in single-zone systems [11,12] and multizone buildings 
with independent HVAC units per zone [13]. However, its application 
in fully interconnected multi-zone HVAC systems is challenging due to 
the need for detailed, calibrated models that capture complex inter-zone 
airflow interactions. This requires high computational resources and 
continuous model updates, making large-scale deployment cumbersome 
[14], especially for multi-agent network systems [15].

In contrast, DRL provides a model-free, data-driven approach that 
learns optimal control policies through direct system interaction. Unlike 
MPC, DRL does not require an explicit system model, instead leveraging 
empirical observations and reward signals to adapt control strategies in 
real time. This makes DRL particularly well-suited for scenarios where 
system modeling is complex or impractical and in dynamic HVAC envi-
ronments with changing occupancy, weather conditions, and equipment 
performance. However, training DRL models presents challenges, as it 
requires extensive data and must carefully balance exploration and ex-
ploitation to prevent suboptimal or unsafe actions [16]. To mitigate the 
potential risks associated with unsafe actions, advanced co-simulation 
environments have been developed, enabling realistic testing of con-
trol strategies before deployment [17,18]. Integrating multiple simula-
tion platforms within a co-simulation framework effectively captures 
the dynamic interactions between HVAC components, thus improving 
the evaluation of complex control strategies [19]. For instance, inte-
grating Modelica models as Functional Mock-up Units (FMUs) within 
co-simulation frameworks allows for high-fidelity HVAC modeling and 
seamless tool interoperability [20]. Despite these challenges, DRL and 
co-simulation environments complement each other by combining adap-
tive learning with detailed simulation-based testing, enabling safer and 
more effective deployment. This synergy exhibits strong potential for 
solving complex multi-objective optimization problems, making DRL a 
promising approach for HVAC control.

This paper explores the role of DRL in multi-zone HVAC control, ex-
amining its state-of-the-art applications, limitations, and benchmarking 
against existing standards like ASHRAE G36.

1.1.  Related works and contributions

HVAC system control operates at two primary levels: low-level con-
trol, which directly manages actuators (e.g., dampers, fans, valves), 
and supervisory control, which sets target values (setpoints) that guide 
low-level controllers, typically PID-based. Research efforts have focused 
on improving supervisory control through advanced optimization tech-
niques, mainly by dynamically adjusting temperature and pressure set-
points to improve energy efficiency and occupant comfort [21–26].

Despite these advancements, a key study [25] directly compares the 
performance of advanced controllers, including DRL, against the G36 
control strategy in a multi-zone setting. Their findings suggest that DRL 
at the supervisory level does not provide a clear advantage over G36 
in terms of energy savings and thermal comfort. Both methods yield 
comparable results, indicating that optimizing set points alone may not 
be sufficient for superior HVAC performance.

One fundamental limitation of supervisory control is its reliance 
on predefined or dynamically adjusted setpoints, which do not always 
translate to optimal low-level control actions. Dynamic setpoint changes 
often require the corresponding PID tuning to ensure a proper system re-
sponse. This challenge is further intensified by the non-linear and time-
varying nature of building and HVAC systems, which require frequent 
adjustments to PID parameters in response to weather fluctuations, oc-
cupancy shifts, and equipment performance variations. Furthermore, 
even with robust control-oriented building models, supervisory control 
remains a complex nonlinear optimization problem where effectiveness 
depends on solver tuning and initialization [27].

To address these challenges, several studies have explored hybrid 
control strategies that integrate supervisory and low-level control ac-
tions [28,29]. However, these approaches typically optimize a multi-
objective function while focusing only on a subset of key factors–such 
as energy consumption, zone temperature violations, or indoor air qual-
ity (e.g., CO2 levels)–without achieving full integration with low-level 
control.

Recent efforts have begun addressing this gap. For instance, the au-
thors in [30] optimizes energy consumption, thermal comfort, and in-
door air quality (CO2 and humidity levels) by jointly controlling the 
supply temperature setpoint, fan speed, outdoor damper position, and 
ventilation air operation in a single-zone office building. In the multi-
zone context, [31] introduces an imitation-interaction learning method 
to directly control low-level components, such as fan speed and VAV 
dampers, improving ventilation efficiency to enhance energy savings.

However, comprehensive low-level control optimization for full 
multi-zone HVAC systems remains an underexplored area, and the rel-
evant literature is rather limited. An alternative, yet unexplored ap-
proach, is to optimize only the AHU-level control, while maintaining 
existing operational settings and control strategies for VAV controllers. 
Since each VAV typically serves a single zone, this strategy reduces the 
number of control actions required, offering a scalable and efficient path 
to multi-zone HVAC optimization without the complexity of modifying 
individual VAVs.

Furthermore, few studies employ high-fidelity simulation models to 
accurately represent the dynamics of the HVAC system and evaluate ad-
vanced control strategies. OpenModelica [32], an equation-based sim-
ulation environment, provides a more detailed representation of HVAC 
systems, enabling seamless integration of both mechanical and control 
components in a single framework. Moreover, OpenModelica enables 
a straightforward implementation of the ASHRAE Guideline 36 logic, 
which is challenging to achieve in other simulation environments such 
as EnergyPlus [33]. This capability enables a direct, high-fidelity bench-
marking of advanced control strategies [34], including DRL, against 
widely recognized standards. However, only a limited number of stud-
ies (see, e.g., [25,35,36]) adopt the Modelica language [37] as a high-
fidelity plant to test advanced control law in multi-zone HVAC systems, 
leaving a significant gap in assessing an adequate methodology to com-
pare the performance of advanced strategies with respect to those of 
G36.

This study aims to bridge these gaps by developing DRL-based con-
trol strategies for a multi-zone Air Handling Unit (AHU) system, evalu-
ated in a Modelica-based high-fidelity environment. The key contribu-
tions are the following:

• Centralized AHU-based Multi-Zone Control: instead of directly con-
trolling individual VAV actuators, the proposed methods act on low-
level components within the centralised AHU, allowing the VAVs to 
continue operating under the G36 control logic. This setup enables 
an evaluation of centralized control performance and its scalability 
to larger multi-zone systems.

• Direct low-level Control of AHU actuators: unlike supervisory ap-
proaches that adjust setpoints, this study directly acts with a DRL-
based controller on AHU components (e.g., dampers, valves, and 
fan speed) to optimize energy consumption, temperature deviations 
across zones, and indoor CO2 levels.

• Development and Comparison of two DRL strategies:
- The Zone-Aware DRL strategy leverages full observability of each 
zone’s temperature to make zone-specific control decisions.

- The Zone-Integrated DRL strategy replaces individual zone tem-
perature measurements with two engineered variables represent-
ing the aggregated thermal violations above the upper bound and 
below the lower bound of the desired indoor temperature band. 
This approach mimics G36’s voting mechanism and simplifies the 
observation space.
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Fig. 1. Educational building of Politecnico di Torino campus [38].

• Adaptability to Diverse Occupancy Profiles: the proposed low-level 
DRL controllers acting directly on AHU actuators were tested under 
different occupancy patterns. The results demonstrate robust perfor-
mance and adaptability without requiring additional fine-tuning of 
the learned policy.

• High-fidelity Benchmarking with Modelica: by leveraging Model-
ica’s advanced modeling capabilities, the proposed DRL strategies 
are compared directly with the G36 standard to assess its effective-
ness in improving energy efficiency, indoor temperature control, and 
𝐶𝑂2 levels.

2.  Case study: building and AHU system configurations

The selected case study is an educational building situated within the 
Politecnico di Torino campus. The building consists of five distinct ther-
mal zones: four classrooms and a central corridor, as depicted in Fig. 1. 
Detailed thermo-physical and geometrical properties are summarized in 
Table 1.

The building operates according to a fixed occupancy schedule, with 
active occupancy from 08:00 to 19:45, Monday through Friday. Dur-
ing weekends, specifically Saturdays and Sundays, the building remains 
unoccupied. The setpoints of indoor air temperature vary depending 
on occupancy and operational mode. During occupied hours, the set-
point temperature (𝑇sp) is maintained at 21 ◦C for heating and 26 ◦C for 
cooling. Outside occupied periods, setpoint temperatures are relaxed to 
15 ◦C for heating and increased to 30 ◦C for cooling, allowing energy 
savings when spaces are unoccupied.

While the building geometry and thermo-physical properties of the 
envelope are derived from the actual case study, the HVAC configura-
tion in the simulation does not correspond to the real system, which is 
equipped with five independent rooftop units (RTUs). To enable coordi-
nated multi-zone control strategies, the model instead assumes a central-
ized AHU with local VAV terminal boxes. This setup also facilitates com-
parison with standardized baselines such as ASHRAE Guideline 36 and 
accounts for both heating and cooling operation. A scheme of the HVAC 
configuration considered in this study is illustrated in Fig. 2. The sys-
tem comprises a central air handling unit (AHU) serving all five thermal 
zones, equipped with an economizer system for efficient use of outdoor 
air, integrated heating and cooling coils, a supply fan, and five Vari-
able Air Volume (VAV) boxes. Airflow regulation is managed through 
dedicated VAV dampers. Cooling is provided by a central chiller, while 
heating is primarily delivered by a heat pump. Zone-level heating ad-
justments are handled by electric resistance reheat coils integrated into 
the variable air volume (VAV) terminals.

The AHU operates through six primary control signals, which vary 
based on the current operation mode, either heating or cooling. Re-
gardless of the mode, an economizer damper control signal modulates 
outdoor and return air damper positions, thus adjusting the intake of 
outdoor air (𝑚̇out) and recirculated return air (𝑚̇ret). This modulation

Table 1 
Description of building features.
 Building feature  Value  Unit
 N◦ of thermal zones  5  [-]
 Conditioned Room Volume  948.50  [m3]
 Conditioned Corridor volume  1361.09  [m3]
 Transparent/opaque envelope vertical surface ratio  0.65  [-]
 Opaque envelope vertical surface  197.2  [m2]
 U-Value Exterior Wall  0.15  [W/m2K]
 U-Value Interior Wall  0.21  [W/m2K]
 U-Value Floor  0.57  [W/m2K]
 U-Value Roof  0.15  [W/m2K]
 U-Value Window  1.6  [W/m2K]

ensures that the mixed air temperature (𝑇mix) within the AHU is prop-
erly maintained in response to variations in outdoor air temperature 
(𝑇out) and return air temperature (𝑇ret). Additionally, fan speed is ad-
justed through a fan RPM control signal, determining the total supply 
air mass flow rate (𝑚̇tot) delivered to the zones, thus balancing ventila-
tion and comfort requirements.

During the cooling season, the system maintains a fixed chilled water 
temperature at 6 ◦C. The cooling coil valve control signal continuously 
modulates the chilled water mass flow rate (𝑚̇water) through the cooling 
coil, thereby precisely regulating cooling capacity. Conditioned air leav-
ing the AHU is distributed to the individual zones, where VAV dampers 
adjust the discharge airflow rates (𝑚̇dis) to each zone, maintaining in-
door temperature conditions according to the defined cooling setpoints.

During the heating season, hot water is supplied to support zone-
level heating, which is delivered via post-heating coils integrated into 
each of the VAV boxes. These post-heating coils, which operate using 
electrical resistance heating, provide supplementary heating directly at 
the zone level. The hot water mass flow rates through these coils are 
regulated by a dedicated post-heating coil valve control signal, ensuring 
accurate and responsive temperature control within each zone. Simul-
taneously, the VAV dampers modulate the supply air mass flow rates 
(𝑚̇dis), allowing the HVAC system to consistently achieve the specified 
heating setpoints in each thermal zone.

3.  Methodology

This section outlines the methodology employed in the study, detail-
ing the modeling of the building and HVAC system, the co-simulation 
framework that enables interaction with external controllers, and the 
Deep Reinforcement Learning (DRL) control strategies. A schematic 
overview of the methodology is illustrated in Fig. 3.

3.1.  Building and HVAC system modeling

The simulation environment models both the building and the Air 
Handling Unit (AHU) system, along with its associated components,
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Fig. 2. Schematic representation of the AHU system [39].

Fig. 3. Methodological framework.

using the Modelica language within the OpenModelica open source plat-
form [32], in combination with the Buildings Library [40]. In this study, 
we employed a reduced-order formulation that represents the opaque 
envelope components, such as exterior walls and roof, through a net-
work of thermal resistances and capacitances. Compared to simpler 
lumped approaches, the FourElements model in the Buildings Library 
[40] provides a finer resolution of building dynamics by distinguishing 

between different envelope elements, thereby capturing their specific 
heat transfer characteristics while preserving computational efficiency. 
Users can adjust the complexity of the model by selecting the number of 
wall elements and the level of spatial discretization based on the thermal 
properties of the walls and external excitations. In this study, the stratig-
raphy of the building envelope was derived from available architectural 
documentation to ensure a realistic representation of thermal behavior. 
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Fig. 4. Lumped-parameter representation of thermal dynamics in a single zone.

Fig. 5. AHU model in OpenModelica.

In the proposed configuration, five thermal zones are modeled and in-
terconnected. The RC circuit representation of a single thermal zone is 
shown in Fig. 4.

The HVAC system introduced in Section 2 is implemented in Open-
Modelica, allowing for high-fidelity simulation of its dynamic behav-
ior and control strategies. The implementation includes detailed repre-
sentations of key AHU components–such as heating and cooling coils, 
economizer dampers, supply fans, and VAV boxes with reheat coils–
capturing both thermal and airflow dynamics. Components and actu-
ators are modeled to reflect realistic operational responses (Fig. 5). To 
establish a performance benchmark, the ASHRAE Guideline 36 standard 
is implemented within the Buildings Library to model the operation of 
the AHU and the VAVs’ components. This provides a standardized ref-
erence framework, ensuring that advanced control strategies, such as 
DRL-based approaches, can be effectively evaluated.

3.2.  Co-simulation framework

To ensure seamless integration between the building model, HVAC 
system, and DRL control algorithms, a co-simulation approach is 
adopted. The Modelica-based model is exported as a Functional Mock-
up Unit (FMU) using the Functional Mock-up Interface (FMI) standard 
[20]. This facilitates interaction with external software tools while pre-
serving the integrity of the physical system model.

Python is employed as the central coordination framework, manag-
ing simulation execution, data exchange, and real-time interactions be-
tween system components. The pyfmi package [41] is used to facilitate 
efficient communication between the FMU, encapsulating the building 
thermal model, the AHU system, and the control algorithm, responsible 
for generating actuator control signals. This framework enables highly 
flexible system integration, allowing for dynamic interactions between 
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Fig. 6. Convergence of DRL agents during training. In summer (blue), the cumulative penalty rapidly stabilizes within the first three episodes, while in winter (red), 
it converges more gradually and plateaus after about nine episodes. The first episode excluded as it corresponds to the warm-up phase without policy updates. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. Supply air temperature reset diagram [8].

building physics, HVAC operation, and advanced control methodolo-
gies.

3.3.  DRL control strategies and training setup

Deep Reinforcement Learning (DRL) controllers are integrated into 
the simulation framework using the OpenAI Gym environment [42], 
enabling an adaptive control strategy that continuously interacts with 
the environment, learns from system dynamics, and iteratively refines 
its policy to optimize HVAC operations.

Two DRL control strategies are implemented: Zone-Aware DRL and 
Zone-Integrated DRL, differing in their observation spaces. Further de-
tails are provided in Section 4.2. Both agents are trained using the Soft 

Actor-Critic (SAC) algorithm implemented in Stable-Baseline3 [43]. The 
main hyperparameters are: multilayer perceptron policy with four hid-
den layers of 64 units (ReLU activations), discount factor 𝛾 = 0.99, 
Adam optimizer with learning rate 𝑙𝑟 = 10−3, batch size 128, replay 
buffer size of 106, entropy coefficient set to auto, soft target update co-
efficient 𝜏 = 0.005, and training starting after 10,000 warm-up steps.

To evaluate the proposed methodology under realistic conditions of 
the case study, climate data from Turin, Italy, were sourced from [44]. 
The DRL training phase is conducted separately for each season, span-
ning one month each. Specifically, training for the heating season takes 
place from January 1, to January 31, while training for the cooling sea-
son occurs from July 1, to July 31, to ensure season-specific adaptation. 
The use of separate DRL training for the different seasons is motivated by 
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Fig. 8. Static pressure reset diagram [8].

differences in system configuration given by the presence of post-heating 
in the VAV boxes during the heating season. Each training episode cor-
responds to a full month of simulation, and the agents were trained for 
13 episodes. The learning curves in Fig. 6 show the cumulative reward 
per episode for both DRL strategies in summer and winter conditions.

3.4.  Controllers comparison

Following the training phase, the DRL controllers are deployed for an 
extended seasonal period to assess their performance in realistic build-
ing operation scenarios. The cooling season deployment runs from June 
20, to August 20, whereas the heating season deployment extends from 
January 1, to February 28. This deployment phase enables a comprehen-
sive evaluation of the controllers’ ability to regulate indoor conditions 
dynamically across varying climatic scenarios.

To assess the robustness and generalization of the DRL controllers 
under unseen conditions, additional test cases with varying occupancy 
profiles are evaluated (see Section 5 for further details). The DRL poli-
cies are deployed statically, without retraining or fine-tuning, to exam-

ine their ability to maintaining energy efficiency, thermal comfort, and 
indoor CO2 levels in comparison to ASHRAE Guideline 36.

4.  Methods

This section presents a comprehensive overview of the control strate-
gies implemented in the case study. It details the control sequences gov-
erning the HVAC system, which adhere to the G36 standard, and pro-
vides an in-depth discussion of the DRL algorithms employed for opti-
mizing system performance.

4.1.  ASHRAE guideline 36

ASHRAE Guideline 36–2021 [8] provides standardized sequences 
of operation for air-handling units (AHUs) serving variable air volume 
(VAV) terminal systems, optimizing energy efficiency, indoor air quality 
(IAQ), and control stability. These sequences ensure that HVAC systems 
dynamically adjust to real-time demand, reducing energy consumption 
while maintaining thermal comfort. A key feature of G36 is the Trim 
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Fig. 9. Mapping of economizer damper positions and coil valve modulation as 
a function of the Supply Air Temperature (SAT) loop signal [8].

and Respond (T&R) control logic, which enables adaptive, demand-
based setpoint adjustments. Unlike static setpoints, this strategy con-
tinuously monitors terminal unit performance and dynamically adjusts 
supply temperature and duct static pressure setpoints according to the 
system parameters.

The central AHU operation is characterized by the foolowing control 
variables:

• Supply air temperature (SAT) Reset: the SAT setpoint is dynamically 
modulated, starting from the minimum cooling value (Min ClgSAT) 
when the outdoor air temperature (OAT) is at its maximum (OAT 
Max) and gradually increasing to a defined upper limit (T-max) when 
the OAT drops to its minimum (OAT Min) Fig. 7. This upper limit, 
T-max, is further adjusted by T&R logic, which responds to zone 
reset signals. These are triggered when there is a significant tem-
perature mismatch or prolonged activity in the cooling circuit. If a 
zone remains above its target temperature for a prolonged period, 
the system generates additional reset requests that continue until 
the cooling demand decreases, promoting both temperature control 
and energy efficiency.

• Duct static pressure reset: the static pressure setpoint is dynamically 
modulated using the T&R approach, incrementally reducing pres-
sure when all terminal units receive adequate airflow Fig. 8. The 
system monitors airflow deviations and damper openings, increas-
ing the setpoint when dampers are nearly fully open and airflow is 
insufficient. The number of reset requests decreases as the deviation 
lessens, allowing the system to maintain minimum static pressure 
while meeting zone demand efficiently.

• Economizer control: The economizer damper control system is de-
signed to adjust damper positions to optimise the use of outdoor air 
for cooling purposes while also ensuring that proper ventilation is 
maintained. The determination of minimum and maximum damper 
positions is achieved through the utilisation of airflow and/or pres-
sure sensing mechanisms Fig. 9. The economizer’s operation is influ-
enced by various factors, including outdoor temperature, enthalpy, 
supply fan status, frost protection, and zone conditions. The modu-
lation of dampers is ultimately governed by the SAT setpoint loop.

• Coil valve control: The heating and cooling coil valves are regulated 
by the SAT control loop, which is governed by a PI controller tracking 
the SAT setpoint. When the fan is off, the control signal is zero Fig. 9.

The control logic for a VAV reheat terminal unit adjusts damper and 
valve positions to maintain desired airflow and zone temperature based 
on the current operating mode.

• Cooling mode: Airflow is modulated between minimum and max-
imum setpoints to meet cooling demand. The heating coil remains 
disabled unless the discharge air temperature drops below 10°C, pre-
venting overcooling.

• Heating mode: Airflow is maintained at its minimum setpoint to en-
sure ventilation, while the heating coil is modulated as needed to 
meet the zone heating demand. Heating is enabled only when the 
zone temperature drops below the setpoint.

4.2.  DRL control strategies

In this study, two Deep Reinforcement Learning (DRL) strategies 
based on the Soft Actor-Critic (SAC) framework are employed: Zone-
Aware DRL and Zone-Integrated DRL. A scheme of the DRL control loop 
is provided in Fig. 10, illustrating the flow of information between the 
building environment, the DRL agents, and the reward signal. The two 
strategies differ in their observation space, as summarized in Table 2. 
Zone-Aware DRL monitors each zone temperature at every timestep, 
while Zone-Integrated DRL uses engineered variables representing the 
total deviation of all zones from the indoor temperature band Eqs. (3) 
and (4). During occupied periods, the indoor temperature band is de-
fined as a temperature range of ±1 ◦C around the setpoint temperature 
(𝑇sp) which is set to 21 ◦C in the winter season and 26 ◦C in the summer 
season. This study examines the impact of the observation granularity 
on system performance, assessing whether an aggregated approach can 
achieve comparable efficiency to a zone-specific strategy.

Despite these differences in the observation space, both approaches 
control the following actuators with a control timestep of 15 minutes.

• Fan speed (𝑓𝑎𝑛speed): Adjusting the speed of the supply fan to regu-
late airflow.

• Outdoor air damper position (damout): Modulating the outdoor air 
intake damper to control fresh air intake.

• Return air damper position (damret): Adjusting the return air damper 
to balance recirculated and fresh air.

• Coil valve opening (𝑐𝑜𝑖𝑙valve): Regulating the heating or cooling coil 
valve to manage the supply air temperature.

Instead, the Variable Air Volume (VAV) box controls follow the G36 
guideline as described in Section 4.1. The reward function differs be-
tween the cooling and heating seasons, as outlined in Eqs. (1) and (2). 
Specifically, the term related to energy consumption changes during 
the heating season, where the total energy cost must account for the 
post-heating demand across all five VAV boxes. This additional term 
was introduced to prevent biased and unrealistic control strategies, en-
suring that the agent does not minimize AHU energy use by shifting 
heating loads to the VAV boxes. Representing the post-heating demand 
through a single aggregated term also keeps the reward formulation fair 
and as simple as possible, given its multi-objective nature. The weights 
of the reward terms (𝜆𝑓𝑎𝑛, 𝜆𝐻𝑃 , 𝜆𝑢𝑝, 𝜆𝑑𝑜𝑤𝑛, 𝜆𝐶𝑂2

, and 𝜆𝑉 𝐴𝑉 ) were se-
lected to balance the relative influence of comfort and energy objec-
tives. They were initially set according to the order of magnitude of 
the corresponding variables and subsequently refined through iterative 
trial-and-error testing. The tuning process has stopped once the DRL con-
trollers achieved a reasonable trade-off, yielding about a 17% reduction 
in energy consumption compared to the baseline, while maintaining ac-
ceptable indoor temperature violations and CO2 levels.

𝑟cooling

= −

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝜆𝐻𝑃𝐸2
𝐻𝑃 + 𝜆𝑓𝑎𝑛𝐸2

𝑓𝑎𝑛 + 𝜆𝑢𝑝𝑍𝐴𝑇 2
𝑢𝑝 + 𝜆down𝑍𝐴𝑇 2

𝑑𝑜𝑤𝑛

+𝜆CO2
max

(

0,CO2 − CO2max

)2
, if occupied

𝜆𝐻𝑃𝐸2
𝐻𝑃 + 𝜆CO2

max
(

0,CO2 − CO2max

)2
, if unoccupied

(1)

𝑟heating = 𝑟cooling − 𝜆𝑉 𝐴𝑉

𝑁zones
∑

𝑣𝑎𝑣=1
𝐸𝑉 𝐴𝑉 (2)

where:
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Fig. 10. Structural visualization of the DRL control framework. The agent interacts with the building environment by observing occupancy, outdoor, and HVAC 
states together with zone information, and selecting AHU-level actions (fan speed, outdoor/return damper positions, coil valve opening). The environment responds 
with the next state and a scalar reward reflecting energy use, indoor temperature violations, and 𝐶𝑂2 levels, enabling the agent to iteratively improve its control 
policy. The observation space differs between Zone-Aware and Zone-Integrated strategies as detailed in Table 2.

Table 2 
Observation space comparison of zone-aware and zone-integrated DRL agents.
 Variable  Description  Zone-Aware  Zone-Integrated
𝑇𝑜𝑢𝑡  Outdoor air temperature ✓ ✓

𝑇𝑟𝑒𝑡  Return air temperature ✓ ✓

𝑇𝑚𝑖𝑥  Mixed air temperature ✓ ✓

𝑇𝑠𝑢𝑝  Supply air temperature ✓ ✓

 Solar gain  Solar radiation gain ✓ ✓

𝑇𝑧𝑜𝑛𝑒 , zone = 1.5  Zone temperatures ✓  ×
𝑍𝐴𝑇𝑢𝑝  Total zones’ violation above upper bound  × ✓

𝑍𝐴𝑇𝑑𝑜𝑤𝑛  Total zones’ violation below lower bound  × ✓

𝑉𝑇𝑂𝑇  Total ventilation flow rate ✓ ✓

𝑉𝑜𝑢𝑡  Outdoor airflow rate ✓ ✓

CO2  Indoor CO2 concentration ✓ ✓

𝐸𝑓𝑎𝑛  Electric energy used by the fan ✓ ✓

𝐸𝐻𝑃  Electric energy used by heat pump/chiller ✓ ✓

𝐶𝑂𝑃𝐻𝑃  Coefficient of performance of heat pump/chiller ✓ ✓

𝑡start_occupied  Time until occupancy starts ✓ ✓

𝑡end_occupied  Time until occupancy ends ✓ ✓

𝑇out_1h  Forecasted outdoor temperature (1h) ✓ ✓

𝑇out_3h  Forecasted outdoor temperature (3h) ✓ ✓

𝑇out_6h  Forecasted outdoor temperature (6h) ✓ ✓
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Fig. 11. Occupancy profiles representing percentage of rooms occupation throughout a typical working day (Monday to Friday).

• 𝑍𝐴𝑇𝑢𝑝 represent the zone air temperature violation from the upper 
bound of the band (𝑇𝑠𝑝 + 1) and is given by the relation 

𝑍𝐴𝑇𝑢𝑝 =
𝑁zones
∑

𝑧𝑜𝑛𝑒=1
max(0, 𝑇𝑧𝑜𝑛𝑒 − (𝑇𝑠𝑝 + 1)) (3)

• 𝑍𝐴𝑇𝑑𝑜𝑤𝑛 represent the zone air temperature violation from the lower 
bound of the band (𝑇𝑠𝑝 − 1) and is given by the relation 

𝑍𝐴𝑇𝑑𝑜𝑤𝑛 =
𝑁zones
∑

𝑧𝑜𝑛𝑒=1
max(0, (𝑇𝑠𝑝 − 1) − 𝑇𝑧𝑜𝑛𝑒) (4)

• 𝐸𝐻𝑃  is the energy consumption of the heat pump/chiller.
• 𝐸𝑉 𝐴𝑉  accounts for the additional heating demand in all five VAV 
boxes.

• 𝐸𝑓𝑎𝑛 is the energy consumption of the fan.
• CO2max  is the maximum allowed value of CO2 set to 1000ppm.

5.  Results

This section presents a comprehensive performance evaluation of 
the Zone-Aware DRL and Zone-Integrated DRL controllers, compared 
to the ASHRAE G36 baseline, under varying boundary conditions such 
as weather and occupancy profiles. The analysis focuses on the follow-
ing distinct occupancy patterns (see also Fig. 11), evaluated during both 
winter and summer periods to assess performance under typical condi-
tions and to test the controllers’ ability to adapt to previously unseen 
scenarios.

• Occupancy 0 (Base case): this profile represents the nominal train-
ing condition, characterized by continuous occupancy from 08:00 to 
19:45, Monday through Friday. This profile reflects standard cam-
pus operating hours and serves as the baseline for evaluating model 
performance under seen conditions.

• Occupancy 1: this profile simulates partial afternoon occupancy 
from 14:00 to 19:00, Monday through Friday. This profile is not in-
cluded in the training dataset and it is used to evaluate generalization 
to unseen temporal patterns.

• Occupancy 2: this profile represents partial morning occupancy 
from 08:00 to 13:00, Monday through Friday. Like Occupancy 1, this 

scenario is not seen during training and provides additional insight 
into controller adaptability.

For both winter and summer scenarios, the training was carried out 
exclusively in the Occupancy 0 profile, representing the full-day occu-
pancy condition (08:00-19:45). Winter training used data from January 
1, to January 31, with an evaluation that spanned January 1, to Febru-
ary 28. Similarly, summer training was conducted from 1 July to 31 
July, with evaluation covering the period from 20 June to 20 August.

The analysis of Occupancy 1 and 2 focuses on the controllers’ ability 
to adapt their AHU control strategies–particularly in terms of scheduling 
and operational efficiency–in response to previously unseen occupancy 
dynamics. This provides critical insight into the robustness, flexibility, 
and real-world applicability of the learned control policies under realis-
tic, time-varying building usage.

Performance is assessed using three key metrics aligned with the re-
ward functions design (Eqs. (1) and (2)): (i) total energy consumption, 
(ii) indoor temperature violations at the zone level, and (iii) average in-
door CO2 concentration. These indicators jointly reflect the controllers’ 
ability to balance energy efficiency, occupant comfort, and indoor air 
quality.

5.1.  Performance under nominal occupancy profile (occupancy 0)

During winter, DRL-based controllers significantly improve energy 
performance by shifting the heating strategy away from inefficient ter-
minal VAV reheating and toward centralized heating provided by the 
AHU heat pump. Compared to G36, both the Zone-Aware and Zone-
Integrated DRLs reduce VAV energy consumption by approximately 
24% by decreasing the reliance on local terminal reheating and instead 
meeting a larger share of the heating demand through the central AHU 
system. This redistribution is reflected in the increased heat pump usage, 
with DRLs consuming up to 40% more central heating energy. However, 
this increase is offset by overall efficiency gains, producing net reduc-
tions in total winter energy use - 16% for the Zone-Aware controller 
and 14.4% for Zone-Integrated Table 3.

Further insight into heating behavior is revealed through thermal 
energy and heat pump-hour analysis Fig. 12(a). Although DRLs achieve 
lower total thermal energy demand than G36, their heat pumps are
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Fig. 12. Total thermal energy delivered and heat pump operating hours during (a) the winter season (January 1st to February 28th) and (b) the summer season 
(June 20th to August 20th).

Fig. 13. Supply temperature (𝑇sup) by control strategy: (a) boxplot distribution during the winter season (January 1st to February 28th), and (b) temporal pattern 
over a representative winter week (dashed lines indicate periods of system inactivity).

Fig. 14. Hourly fan electricity consumption and activation patterns for different control strategies during the winter season.
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Fig. 15. Total hours of pre-conditioning under each control strategy: (a) pre-heating during the winter season (January 1st to February 28th), and (b) pre-cooling 
during the summer season (June 20th to August 20th).

Fig. 16. Indoor temperature band violations during the winter period (January 1st to February 28th) for each zone and control strategy (left), and temperature 
patterns over a representative winter week for each zone and strategy (right).

active for nearly twice as long. The Zone-Aware and Zone-Integrated 
controllers reach around 860 and 820 heat pump operation hours, re-
spectively, compared to just 440 hours for G36. This suggests that 
DRLs prefer longer-duration, low-intensity heating–a strategy enabled 
by more precise coordination between central delivery and airflow. This 
behavior is consistent with supply air temperature patterns Fig. 13: 

while G36 maintains a nearly fixed 𝑇sup, DRLs exhibit broader and more 
dynamic ranges. Notably, the Zone-Aware DRL demonstrates more an-
ticipatory behavior, often ramping up supply temperatures earlier to 
precondition spaces ahead of occupancy, while the Zone-Integrated DRL 
exhibits a slightly more reactive pattern, in accordance with the to-
tal hours of pre-heating of the different strategies Fig. 15(a). These
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Fig. 17. Boxplot distribution of indoor CO2 concentrations during (a) the winter period (January 1st to February 28th) and (b) the summer period (June 20th to 
August 20th).

Fig. 18. Temporal pattern of supply temperature (𝑇sup) over a representative summer week for each control strategy (dashed lines indicate periods of system 
inactivity).

approaches allow both DRLs to leverage the heat pump’s higher coef-
ficient of performance (COP) instead of relying on less efficient VAV 
reheating.

Fan operation is also adapted to support this shift: DRLs operate 
fans for longer durations but at lower speeds, exploiting the cubic fan 
power curve to maintain efficiency. This distributed and modulated air-
flow is visible in the fan energy heatmaps, where DRLs contrast sharply 
with G36’s rigid, time-constrained daytime operation Fig. 14. Despite 

these operational shifts, both DRL strategies maintain thermal com-
fort within acceptable ranges Fig. 16. Regarding indoor CO2 concentra-
tions Fig. 17(a), the Zone-Aware DRL exhibits the narrowest distribution 
with minimal high-end outliers, indicating more consistent and respon-
sive ventilation aligned with occupancy. The Zone-Integrated DRL also 
maintains acceptable air quality, though with slightly greater variability 
across the distribution. In contrast, the baseline G36, although having a 
slightly lower median, shows a wider spread and several high outliers, 
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Fig. 19. Indoor temperature band violations during the summer period (June 20th to August 20th) for each zone and control strategy (left), and temperature patterns 
over a representative summer week for each zone and strategy (right).

with concentrations occasionally exceeding 1600ppm. These peaks oc-
cur primarily during early occupancy periods, likely due to delayed ven-
tilation activation caused by the fixed control schedule of G36. Consid-
ering a CO2 generation rate of 20 L/h per person, and referencing the 
thresholds outlined in [45], all control strategies fall within Category III 
air quality.

In the summer period, DRLs continue to outperform G36 by reduc-
ing fan and cooling energy through more adaptive, demand-responsive 
operation. Both DRLs achieve approximately 17% total energy savings 
Table 3, with the Zone-Aware controller again demonstrating the lowest 
cooling load with the fewest heat pump activation hours Fig. 12(b). G36 
delivers 8,158 kWh of thermal energy through the cooling coil, while 
the DRLs reduce this to 7,512 kWh (Zone-Integrated) and 6,997 kWh 
(Zone-Aware). These reductions, when considered alongside chiller run-
time, reveal deeper efficiency gains: the Zone-Integrated DRL operates 
the chiller for the longest duration (∼395 hours) but still consumes less 
energy than G36, indicating lower cooling intensity per hour and sug-
gesting partial load coverage through early activation and free cooling. 
This is further supported by the pre-conditioning analysis Fig. 15(b), 
which shows the Zone-Integrated controller performing over 38 hours of 
pre-cooling–substantially more than both G36 (1.6 hours) and the Zone-
Aware controller (0 hours). Conversely, the Zone-Aware DRL achieves 
similar savings with even fewer coil hours (∼335), highlighting a strat-
egy that combines passive cooling and load tracking.

This adaptive behavior is further reflected in the supply air temper-
ature (𝑇sup) profiles Fig. 18. While G36 maintains 𝑇sup within a nar-
row, mostly static range throughout the day, both DRL strategies adapt 
𝑇sup with much greater flexibility. The Zone-Aware DRL modulates 𝑇sup

Table 3 
Electrical energy consumption breakdown (kWh) for each controller in 
winter and summer.
 Control Strategy  Winter  Summer

 HP  Fan  VAVs  Tot.  HP  Fan  Tot.
 G36  3521  1963  24,665  30,149  2016  2031  4047
 Zone-Aware DRL  4505  2009  18,834  25,348  1701  1640  3341
 Zone-Integrated DRL  4929  2143  18,741  25,813  1761  1586  3347

smoothly during occupancy periods with minor frequent adjustments 
that suggest demand tracking. On the other hand, the Zone-Integrated 
DRL exhibits sharp drops in 𝑇sup–particularly in early morning hours–
even before occupancy begins, a behavior indicative of proactive pre-
cooling. These early intense cooling, followed by higher and more vari-
able values of 𝑇sup during peak hours, suggest a strategy that cools the 
building in advance to reduce the need for cooling later in the day.

Although indoor temperature violations slightly increase under DRL 
control, they remain localized in secondary spaces (e.g., corridors) and 
within acceptable thresholds Fig. 19. Meanwhile, CO2 concentrations 
are consistently maintained within target limits, ensuring adequate in-
door air quality Fig. 17(b).

5.2.  Unseen occupancy profiles

5.2.1.  Heating season
Unlike the DRL-based strategies, which were trained under the 

Base Occupancy profile and maintained good performance under both
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Fig. 20. Indoor temperature band violations during the winter period (January 1st to February 28th) for each zone and control strategy (left), and temperature 
profiles over a representative winter week (right), under Occupancy Profile 1 (14:00-19:00).

modified winter schedules (Occupancy 1 and Occupancy 2) without the 
need for further fine-tuning, the G36 baseline required manual recali-
bration to accommodate each new occupancy configuration. This high-
lights the ability of DRL methods to adapt autonomously to changing 
operating conditions.

Focusing first on the Zone-Aware DRL, its anticipatory heating be-
havior plays a central role in both schedules. Under Occupancy 1 
(14:00-19:00), this results in a modest increase in energy consumption 
(+3.8%) compared to G36, driven by early activation to precondition 
spaces before occupancy begins. It is important to note, however, that 
all controllers–including G36–are subject to system-level requirements 
that allow heating during unoccupied periods if zone temperatures fall 
below 15 ◦C. This condition contributes to early heating, particularly 
in the afternoon schedule where extended unoccupied periods coincide 
with lower temperatures. However, this behavior aligns well with ther-
mal demand under Occupancy 2 (08:00-13:00), where the controller 
achieves the lowest total energy use among all strategies while main-
taining thermal comfort equivalent to G36 Table 4.

The Zone-Integrated DRL adopts a more reactive control pattern. Un-
der Occupancy 1, this allows a slight improvement with respect to G36 
in energy consumption (-0.4%) by avoiding early heating, though at the 
cost of increased temperature violations during transitional periods. Un-
der Occupancy 2,while not as efficient as Zone-Aware, it matches G36 in 
energy use and adapts to the new schedule without manual adjustment–
demonstrating robustness and generalizability Table 4.

In terms of indoor temperature control, both DRL strategies main-
tain acceptable conditions across thermal zones under both schedules 
Figs. 20 and 21. Zone-Aware achieves violation levels comparable to 

Table 4 
Electrical energy consumption breakdown (kWh) for each control strategy 
and occupancy profile during the winter period (January 1st to February 
28th).

 Control Strategy  Occupancy 1  Occupancy 2
 HP  Fan  VAVs  Tot.  HP  Fan  VAVs  Tot.

 G36  2072  1002  11,741  14,815  2543  1023  13,319  16885
 Zone-Aware DRL  2705  1035  11,652  15,392  2255  1112  12,871  16,238
 Zone-Integrated DRL  2660  1207  10,889  14,756  3170  1348  12,484  17,002

G36 under Occupancy 1 and outperforms it under Occupancy 2, while 
Zone-Integrated shows slightly more frequent deviations due to its de-
layed response behavior.

Regarding indoor air quality, all strategies keep CO2 concentrations 
within acceptable bounds Fig. 22. However, both DRL controllers exhibit 
tighter distributions and lower peak values than G36, particularly under 
Occupancy 2, suggesting more effective and demand-driven ventilation 
control even as energy consumption is reduced.

5.2.2.  Cooling season
In the summer scenario, both DRL-based strategies demonstrate 

adaptability and good performance compared to the G36 baseline, 
which, as done in the winter scenario, has been recalibrated to adapt 
to the new occupancy schedules.

The Zone-Aware DRL demonstrates consistently strong performance 
across both summer occupancy scenarios Table 5. Under Occupancy 
1 (14:00-19:00), where cooling demand aligns with peak afternoon
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Fig. 21. Indoor temperature band violations during the winter period (January 1st to February 28th) for each zone and control strategy (left), and temperature 
profiles over a representative winter week (right), under Occupancy Profile 2 (8:00-13:00).

Fig. 22. Boxplot distribution of indoor CO2 concentrations during the winter period (January 1st to February 28th) under (a) occupancy profile 1 (14:00-19:00) and 
(b) occupancy profile 2 (8:00-13:00).

outdoor temperatures, it emerges as the most energy-efficient strategy, 
with around 19% reduction compared to the G36 baseline. This effi-
ciency is driven by its context-aware control policy that dynamically ad-
justs system operation based on real-time thermal demand. Zone-Aware 
minimizes unnecessary activations and finely tunes the supply air tem-
perature (𝑇sup) throughout the day–resulting in a strategy that is both 
responsive and resource-conscious, as also observed in the fan energy 
heatmaps Fig. 23. Under Occupancy 2 (08:00-13:00), which takes place 

during the cooler morning hours, the Zone-Aware DRL reduces energy 
by approximately 16% improvement over G36. The controller’s ability 
to dynamically modulate 𝑇sup aligns well with lower morning loads and 
milder ambient temperatures, allowing for comfort to be maintained.

In contrast, the Zone-Integrated DRL, which incorporates pre-cooling 
as a core behavioral feature, shows more variable performance Table 5. 
In Occupancy 1, it performs poorly due to its rigid pre-conditioning 
schedule. The controller activates the system significantly ahead of
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Fig. 23. Fan energy usage during the summer period (June 20th to August 20th) for Occupancy Profile 1 (left) and Occupancy Profile 2 (right).

Fig. 24. Indoor temperature band violations during the summer period (June 20th to August 20th) for each zone and control strategy (left), and temperature profiles 
over a representative summer week (right), under Occupancy Profile 1 (14:00-19:00).
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Fig. 25. Indoor temperature band violations during the summer period (June 20th to August 20th) for each zone and control strategy (left), and temperature profiles 
over a representative summer week (right), under Occupancy Profile 2 (8:00-13:00).

Fig. 26. Boxplot distribution of indoor CO2 concentrations during the summer period (June 20th to August 20th) under (a) Occupancy Profile 1 (14:00-19:00) and 
(b) Occupancy Profile 2 (8:00-13:00).

occupancy, accumulating over 74 hours of pre-cooling time. This 
early operation is ineffective under high late morning/early after-
noon outdoor temperatures and leads to excessive use of the chiller 
(1254 kWh), ultimately yielding the highest total energy consump-
tion among the strategies at 2186 kWh. However, under Occupancy 
2, the same pre-cooling behavior becomes more suitable, given the 
cooler morning hours. In this case, the controller reduces energy 
use to 1024 kWh–approximately 10% less than G36–though it still

underperforms relative to the more flexible and context-aware Zone-
Aware DRL.

Despite differences in control behavior, both DRL strategies main-
tain acceptable levels of thermal comfort. Under Occupancy 1, the Zone-
Aware DRL delivers comfort performance comparable to G36, with only 
minor increases in upper temperature violations. The Zone-Integrated 
DRL exhibits more frequent and severe comfort violations, particularly 
during late-day transitions when pre-cooling is less effective Fig. 24. 
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Table 5 
Electrical energy consumption breakdown (kWh) for each controller 
and occupancy profiles in summer.
 Control Strategy  Occupancy 1  Occupancy 2

 HP  Fan  Tot.  HP  Fan  Tot.
 G36  1168  823  1991  328  815  1143
 Zone-Aware DRL  831  784  1615  223  734  957
 Zone-Integrated DRL  1254  932  2186  241  783  1024

Under Occupancy 2, comfort metrics improve across all strategies. Nev-
ertheless, Zone-Aware remains the most consistent performer, minimiz-
ing both the frequency and magnitude of violations. Zone-Integrated, 
while improved, still displays slightly greater variability in maintaining 
setpoint conditions across zones Fig. 25.

Indoor air quality, as assessed through CO2 concentration, fur-
ther illustrates the strengths of learning-based control Fig. 26. Zone-
Aware achieves the lowest median CO2 levels and the narrow-
est distribution across both occupancy scenarios, indicating precise 
and timely ventilation aligned with real occupancy patterns. The 
Zone-Integrated DRL also maintains CO2 within acceptable thresh-
olds, although with broader variability–especially under Occupancy 
1–reflecting less consistent ventilation timing. In contrast, the G36 
baseline shows the highest CO2 variability and more frequent excur-
sions above recommended limits, a consequence of its rigid, schedule-
based ventilation strategy that lacks responsiveness to dynamic indoor
conditions.

6.  Discussion

The results show the effectiveness of DRL-based controllers in op-
timizing HVAC performance relative to the ASHRAE G36 baseline. 
When evaluated under the same occupancy schedule used for train-
ing, both DRL strategies outperform the G36 guideline across winter 
and summer seasons. The Zone-Aware controller consistently achieves 
the highest energy savings while maintaining thermal comfort and 
indoor CO2 level. However, the Zone-Integrated DRL also performs 
competitively, with only marginally lower efficiency in most metrics. 
This suggests that a controller which leverages global system-level 
variables, rather than zone-specific feedback, can still yield effective
performance.

When tested under unseen occupancy profiles the G36 base-
line required manual retuning to adapt to the modified schedules, 
while both DRL controllers adapted autonomously–without any pol-
icy adjustment. This underscores the flexibility of learned control
strategies.

In the heating season, the generalization capabilities of both DRLs 
remain within the performance range of G36. However, the margin for 
optimization is inherently narrower in winter due to the dominant role 
of the VAV terminals, which tightly track zone-level temperature set-
points regardless of occupancy variability. As a result, the DRLs’ flexi-
bility is somewhat constrained, and their improvements over the base-
line are more modest. In contrast, the cooling season reveals a more ro-
bust and consistent generalization of the DRL policies–particularly for 
the Zone-Aware controller. Under both unseen occupancy profiles, it 
adapts effectively by modulating supply air temperature and ventilation 
to match dynamic load conditions. Its context-aware operation enables 
significant energy savings without compromising occupant comfort or 
air quality. The Zone-Integrated DRL, though somewhat less responsive, 
also shows generalization across scenarios. However, its more rigid con-
trol behaviors–such as aggressive pre-cooling–can result in inefficiencies 
under certain conditions (e.g., when occupancy begins late on hot days). 
Despite this, it generally performs on par with G36 in terms of comfort 
and CO2 levels.

7.  Conclusion

This study investigated the use of Deep Reinforcement Learning for 
optimizing HVAC operations in a multi-zone educational building, us-
ing a high-fidelity Modelica simulation environment. Two low-level DRL 
controllers–Zone-Aware and Zone-Integrated–were developed and eval-
uated against the ASHRAE G36 control standard. The controllers directly 
act on full low-level Air Handling Unit (AHU) components, such as fan 
speed, damper positions, and coil valves, while leaving zone-level VAV 
control unaltered.

The proposed DRL strategies were assessed under both heating and 
cooling conditions, as well as across different occupancy profiles. Per-
formance was evaluated in terms of energy consumption, indoor tem-
perature control, and 𝐶𝑂2 levels.

The results demonstrate that DRL-based controllers effectively man-
age HVAC operations under trained and previously unseen conditions, 
showcasing their ability to optimize energy use while maintaining in-
door temperature tracking and 𝐶𝑂2 concentration. The Zone-Aware con-
troller emerged as the most effective, highlighting the benefit of zone-
specific feedback. However, the Zone-Integrated DRL also proved to be 
a viable alternative, with similar performance in most scenarios and the 
added advantage of being potentially more scalable for large zone build-
ings.

While the heating season presented some limitations due to the con-
straints of the VAVs’ reheating system, the cooling season revealed 
the full potential of DRL controllers–particularly the Zone-Aware strat-
egy, which adapted effectively to varying occupancy and load condi-
tions. The Zone-Integrated DRL, though slightly less responsive, also 
performed competitively, although its rigid control behavior under cer-
tain conditions suggests areas for refinement.

Overall, the findings suggest that DRL-based controllers offer a 
promising approach to improve HVAC efficiency, with significant po-
tential for adaptation across dynamic building environments. The suc-
cess of the Zone-Integrated controller further indicates that less granu-
lar control strategies may offer practical, scalable solutions for large or 
resource-constrained applications. The study highlights the potential of 
DRL as a technology for energy-efficient building operation, capable of 
adapting to real-time conditions without the need for manual interven-
tion.

8.  Limitations and future work

While the results demonstrate the strong performance and gener-
alization capabilities of DRL-based HVAC controllers, some limitations 
should be acknowledged.

First, the evaluation primarily focuses on changes in occupancy 
schedules, while other critical boundary conditions–such as outdoor 
temperature, solar radiation, and outdoor CO2 levels–remain constant 
across training and testing. Yet, these factors play a crucial role in real-
world HVAC performance and may challenge the adaptability of learned 
policies. Although preliminary tests with alternative weather datasets 
have shown that DRL performance remains promising, future work will 
systematically extend the evaluation to more diverse climatic profiles, as 
well as dynamic external CO2 levels, to more comprehensively demon-
strate the adaptability of the proposed DRL strategies.

Second, the study is conducted within a relatively homogeneous zone 
context, using classroom spaces that usually have similar thermal loads 
and occupancy patterns. While this provides a simplified yet consistent 
context to evaluate the core behavior of the proposed DRL strategies, it 
may also limit the exploration of more complex dynamics–particularly 
for the Zone-Integrated DRL, which relies on aggregated, global obser-
vations. To address these limitations, future experiments should con-
sider case studies including a wider variety of functional areas, such 
as offices, conference rooms, corridors, and circulation spaces, which 
are characterized by more heterogeneous thermal and occupancy pro-
files. Such diversity could significantly influence the balance between 
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comfort and energy trade-offs in DRL control of a VAV multi-zone AHU 
system. Therefore, extending the evaluation to mixed-use buildings with 
diverse load characteristics will allow a more rigorous assessment of the 
proposed DRL framework.

Future work could include a comparative study evaluating the low-
level DRL approach presented in this work against DRL strategies that 
operate at a higher level by selecting setpoints for supply air tempera-
ture and duct static pressure. Such a comparison would help quantify 
the advantages and trade-offs between direct low-level control and su-
pervisory control approaches.

Further investigation could also focus on applying transfer learning 
techniques to enhance the adaptability of DRL controllers under varying 
boundary conditions [46–49]. In addition, extending these methods to 
scenarios with more diverse thermal demand profiles across zones would 
provide deeper insights into policy generalization and control accuracy–
particularly for zone-integrated strategies.

Finally, a promising direction lies in the interpretation and extraction 
of human-readable rules from trained DRL policies [39,50–52]. While 
qualitative patterns in DRL control policies can be observed, translating 
them into quantitative rules with explicit thresholds (e.g., for supply 
air temperature or fan speed) is not straightforward. Automated rule-
extraction techniques can overcome this limitation by systematically 
identifying the most relevant features, their critical ranges, and the cor-
responding control actions, thus enabling the derivation of interpretable 
control rules.

Beyond these technical aspects, it is essential to acknowledge that 
real-world buildings present additional sources of uncertainty and prac-
tical constraints not captured by simulation models. Future work should 
therefore focus on field experiments to validate the applicability and ro-
bustness of low-level DRL-based control strategies. Particular attention 
should be paid to discrepancies between simulated and actual AHU con-
figurations, variations in operating conditions, deployment and mainte-
nance costs, and challenges related to data communication and com-
mand response. Considering these factors will be critical to rigorously 
assess the feasibility of deploying DRL-based HVAC controllers in real 
building environments.
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