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Advanced supervisory-level control with reinforcement learning (RL) is regarded as a promising solution for
HVAC systems to minimize energy consumption while maintaining thermal comfort and indoor air quality.
However, most RL applications were conducted in the simulation environment rather than real-world HVAC
systems. This paper developed a value-based RL controller termed Deep Q-Network (DQN) for a typical central
HVAC system and evaluated its performance in a building test facility. By comparing DQN with a rule-based
controller, the study not only demonstrated the cases where DQN could properly maintain indoor comfort
but also discussed possible reasons why DQN failed in some other situations. Recognizing the limitations of
value-based RL algorithms from the experimental tests, a simulation study was conducted to compare DQN
with an alternative RL approach, an actor—critic algorithm termed Deep Deterministic Policy Gradient (DDPG).
In scenarios with a relatively large action space, DDPG outperformed DQN by requiring fewer computational
resources and achieving better thermal comfort, lower energy consumption, and more stable control actions.
The findings suggest that the ability of DDPG to handle continuous control variables more effectively allows
for faster convergence in training and more precise control in practice, which enhances the overall efficiency

and reliability of the HVAC system.

1. Introduction

According to the survey by the U.S. Energy Information Administra-
tion, the total energy consumption of U.S. commercial buildings was
6,787 trillion British thermal units (TBtu) in 2018. Notably, heating,
ventilation, and air conditioning (HVAC) systems account for 52% of
all major fuels [1]. With the large share of energy usage, significant
research efforts have been directed toward developing new technolo-
gies aimed at reducing the energy consumption of HVAC systems in
buildings. These efforts include enhancements to the efficiency of the
building HVAC systems and the implementation of advanced control
algorithms.

Advanced control strategies, such as model predictive control (MPC)
and reinforcement learning (RL), have gained increasingly more atten-
tion because those control applications can provide desired benefits
(e.g., energy bill reduction) for existing buildings without major hard-
ware and system retrofits once the controllers are properly trained and
applied. MPC uses predictive models and real-time data to optimize
the operation of building HVAC systems, improve energy efficiency,
reduce costs, and enhance occupant comfort. It continuously adjusts
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the control actions based on dynamic forecasts and optimization algo-
rithms, ensuring optimal performance. While the MPC shows promising
scalability potentials for the relatively simple HVAC and building struc-
ture [2,3], designing MPC algorithms for large buildings with complex
HVAC systems requires professional expertise to build and calibrate
the building and HVAC models. In many cases, these complex HVAC
systems exhibit non-linearity in their system dynamics, necessitating a
non-linear optimizer to solve the optimization problem. This introduces
inherent challenges in robustness due to the formulation structure,
initialization, solvers, solver settings, and tuning process [4]. Besides,
since every building and its HVAC systems are unique, a well-designed
MPC algorithm for one building is difficult to generalize to another
building. Those are important reasons why MPC has not been broadly
applied in the industry [5].

In recent years, with the advancements in big data and powerful
computing capabilities, machine learning (ML) has been integrated
into almost every phase of the building life cycle, including but not
limited to building energy prediction, predictive maintenance, and
demand response. Especially, reinforcement learning (RL), a subset
of ML designed for control problems, is emerging as an alternative
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Nomenclature

Physical Parameters

T i chuvs Supply chilled water temperature in the
primary loop [°C]

Tee chws Supply chilled water temperature in the
secondary loop [°C]

Tyec chur Return chilled water temperature in the
secondary loop [°C]

Tra Mixed air temperature [°C]

T, Outdoor air temperature [°C]

T,, Return air temperature [°C]

Ty, Supply air temperature [°C]

T, Zone air (indoor) temperature [°C]

D,, Outdoor air damper opening (0~1)

D,, Return air damper opening (0~1)

D,, Exhaust air damper opening (0~1)

Vorichw Volume flow rate of the primary chilled
water loop [m3/s]

Viee.chw Volume flow rate of the secondary chilled
water loop [m3/s]

Vi Volume flow rate of supply air [m3/s]

Via Volume flow rate of return air [m3/s]

fsa Supply fan speed (0~1)

Tipen Chilled water temperature setpoint [°C]

boa Outdoor air relative humidity

b.a Zone air (indoor) relative humidity

P, Chiller power [W]

Pyri chuop Primary water loop pump power [W]

Pyocchup Secondary water loop pump power [W]

P, Supply fan power [W]

Ugee o Cooling coil valve opening (0~1)

Qp,ug Plug load [W]

Ot Lighting load [W]

Oyee Occupant sensible load [W]

Abbreviations

HVAC Heating, ventilation, and air conditioning

RL Reinforcement learning

DQN Deep Q-network

DDPG Deep deterministic policy gradient

AHU Air handling unit

Symbols in the RL algorithms

s State

a Action

r Reward

Y Discount factor

O(s,a) Action-value function

T Policy

09 Parameters of the Q-network

0" Parameters of the actor (policy) network

L(62) Loss function for the Q-network

a Learning rate

approach to control HVAC systems and improve building performance.
Compared to MPC, RL can continuously learn by itself and improve

its policies based on feedback from the environment, and it is less
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dependent on an accurate prediction model of the building and its
HVAC systems. Also, RL is suitable for high-dimensional control prob-
lems with nonlinear dynamics and multiple control objectives, which
are common in building energy systems.

This paper proposes an RL-based controller for a central HVAC
system with multiple control variables and evaluates its performance
in a building test facility. Moreover, different types of RL controllers
are compared using simulation, providing useful suggestions for prac-
tical application. The remainder of the paper is organized as follows:
Section 2 first introduces key concepts and typical categories of RL
algorithms and then provides a literature review of RL applications
in building energy systems. After that, the main contributions of this
paper are summarized from the identified research gap. In Section 3,
the performance of a value-based RL controller is demonstrated in an
experimental test. Then, Section 4 compares the pros and cons of value-
based and actor-critic RL algorithms on the control of central HVAC
systems by simulation. Finally, Section 5 concludes the paper.

2. Related work on RL
2.1. Overview of RL algorithms

Reinforcement learning (RL) is a sub-field of machine learning
that focuses on how agents should take actions in an environment
to maximize the cumulative reward [6,7]. Unlike supervised learning
where the model learns from a dataset of labeled examples, RL involves
learning through interaction, using trial and error to discover optimal
behaviors. The agent receives feedback through rewards or penalties
to guide the learning process. Key components of an RL agent include
states, actions, and rewards. The objective of the agent is to develop
a policy, a strategy that defines the best action to take in each state
to maximize its long-term rewards. Applications of RL span various
domains, including robotics, gaming, finance, and healthcare, where
decision-making is crucial under uncertainty.

Reinforcement learning algorithms can be broadly categorized into
model-based and model-free methods. Model-based algorithms involve
building a model of the environment, which is then used to simulate
and plan actions. Those algorithms can be sample-efficient as they
leverage the model to make more informed decisions. Model-free meth-
ods learn the optimal strategy directly from the rewards, which can
be further classified into value-based, policy-based, and actor—critic
methods. Value-based algorithms focus on estimating the action-value
function (also called the Q-function), which represents the expected
cumulative reward of state-action pairs:

T

0.(5,0) =E, | Y r*rplS, = 5.4, =a €}
k=0

where T is the final time step and y is the discount factor. The Bellman

optimality equation shows that the optimal Q-function can be written

as follows:

O, (sprap) = r(sp ) +y max Q; (spy1, apy) @
1+1

A prominent example of the value-based function is Q-learning, which
learns the value of every action choice in given states to derive an op-
timal policy. Deep Q-Network (DQN) is a typical Q-learning algorithm.
It represents the Q-function with an artificial neural network. During
the training process, parameters (<) in the Q-function can be updated
by:

LO% =L (r(s,, a)+y max 0,(5,41,d),0,(s,, a,)) 3

02 < 62 —aV,L9) (€]
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Table 1
Classification of RL applications to building HVAC systems.

Reference Approach Class of algorithm Type of action Actions

Ahn and Park (2020) Simulation Value-based Discrete Outdoor air damper opening, chilled water temperature

[9] setpoint, cooling water temperature setpoint

Biemann et al. (2021) Simulation Actor—critic Continuous Zone air temperature setpoint, fan mass flow rate

[10]

Deng et al. (2022) [11] Simulation Value-based Discrete Zone air heating/cooling setpoint

Dey et al. (2023) [12] Simulation Policy-based Discrete Zone air temperature setpoint

Du et al. (2021) [13] Simulation Actor—critic Continuous Zone air temperature setpoint

Fan et al. (2025) [14] Simulation Value-based Discrete AHU valve opening in each zone

Fu et al. (2023) [15] Experiment Value-based Discrete Zone air temperature setpoint

Gao et al. (2020) [16] Simulation Actor—critic Continuous Zone air temperature and humidity setpoint

Gao et al. (2024) [17] Experiment Actor—critic Continuous Supply air temperature, supply air flow signal

Gao and Wang, Wang Simulation Value-based, Discrete, Heat pump modulating signal

et al. (2023) [18,19] Actor—critic Continuous

Guo et al. (2025) [20] Simulation Actor—critic Hybrid Outdoor air damper opening, chilled water temperature
setpoint, fan speed, air purifier on/off

Liu et al. (2024) [21] Simulation Actor—critic Continuous Zone air heating/cooling setpoint

Qin et al. (2023) [22] Experiment Value-based Discrete Zone air temperature setpoint

Shin et al. (2024) [23] Simulation Value-based Discrete Heat pump on/off, zone air heating/cooling setpoint

Solinas et al. (2024) Simulation Actor—critic Continuous Supply air temperature, supply air mass flow rate

[24]

Touzani et al. (2021) Experiment Actor—critic Continuous Zone air heating/cooling setpoint, battery

[25] charge/discharge setpoint

Xia et al. (2023) [26] Simulation Value-based Discrete Occupant recommendation, zone air setpoint change,
temperature and lighting relaxation

Wang et al. (2024) [27] Simulation Value-based Discrete Logical action that determines the zone air temperature
setpoint range

Yang et al. (2021) [28] Simulation Value-based Discrete Zone air volume flow rate, power of the cooling/heating
system

Yoon and Moon (2019) Simulation Value-based Discrete Zone air temperature setpoint, supply air flow rate,

[29] humidifier on/off

Zhuang et al. (2023) Experiment Actor—critic Continuous Damper position, supply air flow, temperature setpoint,

[30] fan speed

where L(y, ) is a loss function which measures the difference between
y and J, and « is the learning rate. Finally, the optimal control action
a; at a state s, is calculated by:

a;(s,) = argmax Q(s,, a,) 5)
ay

Policy-based reinforcement learning algorithms, on the other hand,
directly optimize a policy that maps states (s,) to actions (g,), without
requiring the estimation of Q-functions. Those algorithms parameterize
the policy function and adjust its parameters to maximize the expected
reward. A classical policy-based algorithm is REINFORCE [6], which
updates the parameters (6*) based on the policy gradient:

T
0" — 0" +al, | Y r*r. Vinz(als,. 0) (6)
k=0

Because REINFORCE suffers from unstable policy update issues, the
Proximal Policy Optimization (PPO) algorithm [8] is later proposed to
improve the training stability and robustness of REINFORCE. Compared
with model-based methods, policy-based methods are particularly use-
ful in high-dimensional or continuous action spaces. They can also
naturally handle stochastic policies, providing better exploration and
robustness in uncertain environments. By directly focusing on policy
optimization, these algorithms can often converge faster and with
greater stability in complex tasks.

The actor-critic algorithms are hybrids of the value-based and
policy-based algorithms. Those algorithms learn two separate models
simultaneously: an actor and a critic. The actor is responsible for select-
ing actions based on a parameterized policy, while the critic evaluates
these actions by estimating the Q-function. This dual approach allows
the actor to improve its policy based on feedback from the critic,
which provides more stable and lower-variance gradient estimates
than purely policy-based methods. Actor—critic methods can efficiently
handle continuous action spaces and are known for their ability to con-
verge more rapidly and stably in complex environments. Some typical

examples are Deep Deterministic Policy Gradient (DDPG) [31], Ad-
vantage Actor—Critic (A2C), and Asynchronous Advantage Actor-Critic
(A3C) [32].

2.2. Applications in building energy systems

In the field of building controls, RL has been applied to various
subjects, including HVAC systems, batteries, appliances, domestic hot
water, thermal energy storage, combined heat and power, windows,
and lighting. From a survey conducted in 2020, most research tested
their RL methods in the simulation environment, and only about 11%
of research applied RL algorithms in real buildings [33]. Value-based
RL methods are the most widely used approaches for building con-
trols, which account for over 75% of research studies, followed by
actor—critic methods which account for about 15%. But the survey
also showed that policy-based and actor—critic methods have become
increasingly more popular in recent years. For RL applications to the
control of HVAC systems, a recent study in 2022 showed that the major-
ity of RL methods output binary (e.g., the RL agent may select between
ON/OFF or increase/decrease actions) or discrete actions (e.g., the RL
agent may select an action from a few possible choices), while only a
small fraction of RL methods make continuous (e.g., the RL agent needs
to determine the values from a few continuous variables) or hybrid
actions [34]. Table 1 categorizes the related research papers.

2.3. Research gaps and contribution

From the literature review in Table 1, a clear research gap is that
most RL methods for building controls are still in the research stage.
They are rarely implemented and tested for real HVAC equipment
in real buildings. Also, although some researchers compared several
algorithms within the category of value-based or actor—critic methods,
almost no research has made a detailed comparison between the pros
and cons of value-based and actor—critic methods. However, depending
on the control object and the state and action spaces, one type of
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Table 2

Basic settings of the office room used for the experiment.
Parameter Value
Room area 60 [m?]
Full load of the equipment (plug load) 865 [W]
Full load of occupants 720 [W]
Full load of lights 465 [W]

Fig. 1. Layout of the FLEXLAB test cell. It is configured as an office room in this
experimental demonstration.

method could be superior to the other. Based on these research gaps,
this study contributes to the RL applications as follows:

+ Field demonstration is conducted in a real building test facil-
ity to illustrate the performance of the value-based RL method
(i.e., DQN).

+ The limitation of the value-based RL method is identified from
the field demonstration results.

+ Performance of the value-based and actor—critic RL methods are
compared in a simulation model for an office building to con-
trol both temperature and humidity with in-depth analysis and
suggestions.

3. Experimental study with DQN

This section demonstrates the performance of the DQN controller
in a building test facility. From the literature review ( Table 1), the
DON controller was widely applied for the building application, pre-
sumably due to its structure to encode the control variables into its
decision variable. Section 3.1 details the experimental setup, including
the layout of the test facility, configuration of the HVAC system, and
daily schedules of occupants and equipment. Section 3.2 introduces the
design of the DQN controller, including the state and action variables
and the reward function. Section 3.3 shows the baseline control, which
is used for comparison. Finally, Sections 3.4 and 3.5 show the test
results and discuss the success and limitations of the DQN controller.

3.1. Experimental setup

The performance of the RL algorithm is assessed in a test cell located
in FLEXLAB [35], an experimental test facility for evaluating building
technologies at Lawrence Berkeley National Lab. As shown in Fig. 1, the
test cell is configured as a real office room with six cubicles, and each
cubicle has a desk, chair, equipment, and mannequin. The equipment
and mannequins are both programmed as heat sources to simulate the
heat generation of computers and occupants. Their schedules along
with the lighting schedule are shown in Fig. 2. Key experimental
settings, including the room area and full heat loads, are listed in Table
2.

Applied Thermal Engineering 270 (2025) 126106
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Fig. 2. Daily schedules of the equipment, occupant, and lighting in the office room.
The schedules are acquired from the U.S. Department of Energy reference building
EnergyPlus models [36].

Fig. 3. Outside view of the chiller and chilled water system of the FLEXLAB test cell.

Fig. 3 is an outside view of the chilled water system of the test
cell, and its configuration together with the air handling unit (AHU) is
shown in Fig. 4. The system is comprised of a primary and a secondary
chilled water loop, and a single-duct variable air volume AHU. In the
water loop, the air-cooled chiller controls the chilled water temperature
to match a setpoint (7,,), which can be specified by a higher-level
controller. In the air loop, the supply air temperature setpoint (T}, ,,) is
adjusted by the return air temperature (7,,), and the cooling coil valve
(45¢.c,) is regulated to match the supply air temperature (T;,) to the
setpoint. The supply air fan (f,,) and the outdoor air damper (D,,) will
both be controlled by the higher-level controller. The exhaust, return,
and outdoor air dampers are interlocked. The zone air cooling setpoint
(T.,p) is fixed during the occupied time and has a setback during the
unoccupied time.

Additionally, the experiment injected CO, into the cell during the
occupied time to mimic the CO, generated by the occupants. Con-
sidering the amount of CO, generated by each occupant is around
5.2x107° m3/s [37] and there are 6 occupants, 112 litter of CO, was
injected into the room per hour from 8 am to 12 pm and from 1 pm to
5 pm.

The experiment was conducted from August to October 2023 in
Berkeley, California, U.S.A. The baseline controller ran for 22 days and
the RL controller ran for 9 days. The next two subsections will detail
the design of the RL and baseline controllers.

3.2. Design of a simple DQN controller
According to Table 1, value-based algorithms are prevalent among

RL applications, especially when the control action spaces are dis-
crete and relatively simple. This study selected the Deep Q-Network
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Fig. 4. Configuration of the HVAC system in the FLEXLAB test cell. The HVAC system
has an air-cooled chiller, primary and secondary chilled water loop, and a variable air
volume AHU.

(DQN) [38], a typical value-based algorithm, as the RL method to
evaluate the feasibility of the RL controller in a real building. DQN
was chosen for its relatively simple structure and straightforward action
space design. Different from other Q-learning algorithms, DQN repre-
sents the Q-function with artificial neural networks. Additionally, to
overcome the instability problems in training, DQN uses two neural net-
works: a Q-network updated at each iteration and a target Q-network
updated at every fixed number of iterations. The neural network has
an input layer, two hidden layers each with 128 neurons, and an
output layer that generates the Q-value for each discrete action. The
hyperparameters are chosen based on an iterative approach. Simply,
we increase the size of the network and choose the smallest one that
does not show further performance improvements. The states of the
DQN controller include the time of day, outdoor air temperature (7,,),
outdoor air humidity ratio (w,,), incident solar radiation (q,), zone
air temperature (7,,), and zone air humidity ratio (w,,). The DQN
was trained by using an environment, called a hybrid simulator. The
hybrid simulator is a simulation model that combines a building gray-
box model and an HVAC model. The model was calibrated based on
the measurement data, and the details of the model can be found in
Section 4.1.

Table 3 shows the variables controlled by DQN. The zone air
temperature setpoint is fixed at 22 °C when the office is occupied,
which is very common in U.S. office buildings. The setpoint is not
adjustable by DQN because we investigate the energy-saving potential
by coordinating equipment, e.g., coordinating compressors and fans,
rather than increasing the zone air setpoint. The supply air temperature
setpoint will be switched to 12.8 °C when the thermostat requests
for cooling. Because the test cell is arranged as a single zone, this

Applied Thermal Engineering 270 (2025) 126106

setpoint value is not adjustable by the DQN controller. In our initial
plan, the supply air fan speed, outdoor air damper opening, and chilled
water temperature setpoint are controlled by the DQN algorithm. But
after discretizing the three control variables and then enumerating
their combinations, the action space becomes relatively large, which
makes training very difficult. Therefore, we plan to investigate the
performance of DQN with large action spaces using simulation (detailed
in Section 4), and develop a relatively simple DQN controller for the
experiment. During the occupied time, the supply air fan speed is fixed
at 30%, the damper can open at 20% or 100% (full economizer mode),
and the chilled water temperature can be set at 6.7 °C or 10 °C. During
the unoccupied time, the fan speed is 10%, and the damper can either
close or have a 20% opening. The size of the action space is 4.

The reward function has two components: total energy consumption
(rg) and temperature violation (). They are expressed as follows:

rg +arp, from 6AM to 10PM o
r, =
! rg, from 10PM to 6AM
where
re = _(Echiller + Epump + Efan) ®
rr = _([Tza - Tu]+ + [Tl - Tza]+) (9)

The ry term adds up the energy consumption of the chiller, fan, and
pumps in a time step (unit: kWh). The r; term penalizes the RL
controller if the zone air temperature rises above T, or falls below 7},
where T, and 7, are determined based on the zone air temperature
setpoint:

T,=T,,+05°C (10)

csp

T,=T,,—1°C (11)

csp

No penalty is imposed if the zone air temperature is within the bound-
ary. The «; in Eq. (7) determines the importance of r; compared to r.
Since occupant comfort is usually prioritized over energy savings, we
impose a penalty on ry that is 10 times larger than r; when the zone
air temperature goes beyond the boundary. For this HVAC system, the
magnitude of ry is usually between 0 and 0.25 kWh, so «; is set to 2.5.
The DQN algorithm is first pre-trained using a calibrated simulation
model (discussed in Section 4), and then applied to control the HVAC
system in the test cell. Control commands are sent every 15 min.

3.3. Design of the baseline controller

For comparison, a rule-based controller is adopted as the baseline
(Fig. 5). During the occupied time (from 6 AM to 10 PM), the zone
air temperature setpoint is fixed at 22 °C, the supply air temperature
setpoint is 12.8 °C, supply air fan operates at 30% of its full speed,
the outdoor air damper maintains at its minimum adjustable position
of 20% opening, and the chilled water temperature setpoint is set at
6.7 °C. During the unoccupied time (from 10 PM to 6 AM), the zone
air temperature setpoint is reset to 29 °C, the supply air fan operates at
only 10% of its full speed, and the outdoor air damper is fully closed.
As shown in Fig. 5, according to the cooling requirement (zone air
temperature vs. cooling setpoint), the chilled water temperature and
supply air temperature swing to provide cooling.

3.4. Test results: successful control of RL

To guarantee convergence, the RL controller was trained on se-
lected 4 days of data showing a wide temperature range based on
the local weather data, and the training was repeated several times.
While the training result is not always consistent, we found it reached
convergence after 400-500 episodes as shown in Fig. 6.
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Table 3
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The choices of control variables for the simple DQN controller used in the experiment.

Occupied time (6AM-10PM)

Unoccupied time (10PM-6AM)

Zone air temperature setpoint 22 °C 29 °C

Supply air temperature setpoint 12.8 °C (55 °F) 12.8 °C (55 °F)
Supply air fan speed 30% 10%

Outdoor air damper opening 20%, 100% 0, 20%

Chilled water temperature setpoint

6.7 °C (44 °F), 10 °C

6.7 °C (44 °F), 10 °C

T 30
E‘ — Tz
%25— Tesp
g Tesp+1.5 | E—
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g 20 T T T T T T T T T T T T T T T T T T T T T T T
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g 14 —
g Doa
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& 0 N ) —
T T T T T T T T T T T T T T T T T T T T T T T
E 0 1 2 3 4 5 6 7 8 9 10 12 13 14 15 16 17 18 19 20 21 22 23

Hour of day

Fig. 5. Typical operational characteristics of baseline control on one day. The figure shows the zone temperature (7,,), zone cooling setpoint (7,,), outdoor temperature, air

csp

temperature in the AHU, chilled water temperature, and damper opening. The occupied time is between 6 AM and 10 PM. During this time, the cooling setpoint is reduced to
22 °C and the outdoor damper maintains at 20% opening. The chiller and supply fan start operating to cool the room.

-150
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Reward

-250
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-300
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Fig. 6. Reward profile for DQN training. The DQN reaches convergence after training
for about 500 episodes.

For the comparison, we visualized the operational characteristics
of the RL controller in Fig. 7. This day was chosen based on weather
similar to that in Fig. 5. On this day, the outdoor air temperature was
mild, and the RL tried to provide free cooling (economizer operation)
by opening the outdoor air damper. When the operation started at 6
AM, the cooling operation was initiated, and the chilled water was
provided. At the same time, the RL controller tried to adjust the damper
position to provide enough cooling load. Once the cooling operation is
stabilized, the OA damper is fully opened during the daytime.

Fig. 8 shows the overall experimental results between the energy
consumption of the HVAC system under the control of RL and baseline
algorithms. We split the experimental data into two pieces (Mild and
Hot days) as the HVAC system showed different operational charac-
teristics. When the outdoor climate is mild (Mild days) with a daily
average temperature below 24 °C, the HVAC system consumes less

electricity under the RL controller at the same outdoor temperature.
In this situation, the RL agent can enable the economizer mode to
cool the room passively most of the day and increase the chilled water
temperature setpoint to 10 °C. As the RL agent requests a higher chilled
water temperature, the COP of the chiller will increase, leading to more
energy savings. In order to compare their energy consumption under
the same outdoor conditions, linear regression is performed using data
from the Mild days, and the energy performance of each controller
is evaluated on the days when the other controller is applied. The
regression shows that, after assessing the energy performance of the
two controllers in all Mild days (21 days with baseline control and 7
days with RL control), 16.8% energy saving can be achieved by using
the RL controller.

However, as shown by the three upper-right data points (Hot days)
in Fig. 8, when the outdoor temperature is high, the cooling load will
be very high and the HVAC system needs to work hard to avoid the
penalty of comfort violation. In this case, the economizer mode has
to be turned off and the chilled water temperature has to be reduced
to provide enough cooling load. As a result, the RL controller barely
has any advantage compared to the baseline. This behavior is actually
viewed as a failure of the control, and we present a more detailed
analysis in the following Section 3.5.

Fig. 9 compares the indoor CO, concentration at occupied time
when the daily averaged outdoor temperature is below 24 °C, and Fig.
10 shows the daily variation. When the economizer mode is enabled in
RL control, the CO, concentration in the room will be diluted by the
outdoor air, which can be considered an additional benefit.

3.5. Test results: limitations of RL

As discussed in the previous section, the RL controller may not give
clear energy benefits over the Baseline controller for hot days as the
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Fig. 8. Comparison of energy consumption between the RL and the baseline controller.
The blue and orange curves are respectively linear fits of the baseline and RL data on
the Mild days (daily average temperature below 24 °C).

economizer operation is not available. However, since we have another
control variable, a chiller water setpoint, we can expect some minor
savings from adjusting the chilled water setpoint, especially, during the
time when the cooling load is not full-capacity.

Fig. 11 shows the operational characteristics of the RL control on
a hot day. In the early morning (6AM-10AM), the RL controller tried
to utilize free cooling by adjusting the damper operation. In addition,
it tried to use a higher chilled water setpoint to reduce chiller energy
consumption. However, when the outdoor air temperature increased
in the late afternoon, the high chilled water temperature was not
enough to meet the cooling load even with the minimum outdoor air
position near noon. In this case, the RL controller needed to lower the
chilled water setpoint, but it did not reduce it, and our safety algorithm
reduced it after one hour. The safety algorithm is designed to prevent
the worst-case scenario. For example, when the temperature violation
is severe, the operation force to the minimum outdoor air position and
low chilled water setpoint.

Due to the black-box nature of the RL controller, we cannot clearly
explain why this occurred. However, we have several hypotheses re-
garding the unintended outputs:

1100 A
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Fig. 9. The box plot compares the indoor CO, concentration between RL and baseline
on the Mild days (BS: baseline control, RL: reinforcement control).

1. The training data may not cover a sufficiently wide range of hot
air conditions, as the weather in FLEXLAB is typically hottest be-
tween September and October. Although we included days with
similar (or slightly cooler) weather conditions in the training
data, it may not have been sufficient for the RL controller to
fully explore the action space.

2. Under hot conditions, the supply air temperature fails to meet
the setpoint, and the situation worsens if the room temperature
also falls short of the setpoint. Specifically, once the zone set-
point is violated, the mixed air temperature rises, increasing the
cooling demand to meet the supply air setpoint. In this scenario,
the higher chilled water temperature is insufficient to reach the
supply air setpoint. This is likely a rare or unseen condition in
the hybrid simulator used for RL training.

3. The quality of the training may not be truly optimal. For this ex-
periment, we designed the RL controller with very limited action
spaces to simplify the problem and ensure optimal operations
with faster training. However, even with these constraints, the
controller’s convergence was unstable during training, and its
performance was sometimes sub-optimal. Also, because of the
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Fig. 11. Typical operational characteristics of RL control on a Hot day. The room temperature is not properly controlled around the cooling setpoint because RL failed to reduced

the chilled water temperature setpoint to meet the cooling load.

small action spaces, it may be possible that the RL controller
does not capture the continuous operational characteristics be-
tween the actions and the outcomes. While part of this could be
attributed to the mismatch between the hybrid simulator and the
real building, it also stems from convergence issues within the
RL algorithm itself.

4. Simulation: comparing DQN with DDPG

In the last section, we evaluated the experimental performance of a
DON controller and showed that compared with a ruled-based baseline
controller, DQN can achieve energy savings by appropriately adjusting
the damper position and the chilled water temperature setpoint. How-
ever, we also observed the unexpected behavior of the DQN controller,
and we identified this may be attributed to the training performances.
In terms of the training, the drawback of the DQN is clear. In each step,
DON is required to evaluate the Q-function for all possible actions to
select the best one. Hence, it is only computationally feasible for a small
action space with discrete values. However, an HVAC system usually
has multiple continuous control variables, so those variables have to
be discretized, which may cause the HVAC system to reach sub-optimal
operating conditions.

This section will evaluate the performance of the DQN controller
when its action space is relatively large. However, to overcome this
disadvantage in the application to HVAC systems, we also propose
an actor—critic algorithm termed Deep Deterministic Policy Gradient

(DDPG). DDPG learns the Q-function (termed “critic”) and the policy
function (termed “actor”) simultaneously, both represented by neu-
ral networks. The critic network is trained by minimizing the mean
squared error between its Q-value predictions and the target Q-values,
while the actor network is trained by maximizing the expected Q-
value estimated by the critic network, using gradients derived from
the critic network. The actor maps a state directly to the best action
at this state, so the actor’s output can be continuous variables. Thus,
for the control problem in this paper, the action space of DDPG is only
three, corresponding to the three control variables (fan, damper, and
chilled water) in the HVAC system. This significant reduction of the
action space can accelerate the training process a lot, and as shown in
the following discussions, several issues in the design of DQN can be
effectively avoided with continuous actions.

In this section, the performance of DQN and DDPG in every possible
aspect is compared using simulation. Section 4.1 first introduces the
hybrid simulator which is used to train and test the RL algorithms.
Then, Section 4.2 details the design of DQN and DDPG algorithms to
control the HVAC system. Finally, Section 4.3 compares the simulation
results, including the computational time, reward, thermal comfort,
control actions, and energy consumption. Meanwhile, some lessons
learned and a few suggestions are also provided.

4.1. Development of the hybrid simulation model

The hybrid simulator comprises an HVAC system model, a building
envelope model, and an indoor moisture transfer model. The HVAC
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Fig. 12. Network scheme of the central HVAC system represented in Modelica.

system model is developed by the Modelica simulation tool using the
Buildings library [39]. Shown in Fig. 12, it includes a chiller model, an
AHU model, and the connected chilled water loop. After calibration,
the model is exported as a Functional Mock-up Unit (FMU) [40] and
then imported into Python by the PyFMI package [41].

A Resistance—Capacitance (2R2C) model is developed for the build-
ing envelope. The heat transfer equations are expressed as follows:

dT, T,-T, T, —T, . . .

za?m = ﬁ + % + qsolﬁAwin + thac + anin (12)
dT, T,,—T, .

wd_lw = zaR—w + qsol(l - ﬂ)Awin (13)

Zw
where Eq. (12) represents the dynamics of the zone air temperature
and Eq. (13) represents the dynamics of the building thermal mass.
4o is the incident solar radiation that can be calculated from Global
Horizontal Irradiance (GHI), Direct Normal Irradiance (DNI), and Dif-
fuse Horizontal Irradiance (DHI), Oy, is the sensible heating capacity
provided by the AHU, and Q'ga,-,, is the combination of plug load,
sensible occupant load, and lighting load. In total, 6 parameters in this
gray-box model need to be determined through training, namely: C,,,
C,s R, Ry, B, and A,;,.

The indoor moisture transfer is described by an ordinary differential
equation (ODE):

dw
V za
Pa¥ "

where o refers to the zone air or outdoor humidity ratio [kg H,O/kg
dry air], S, refers to the moisture generation by occupants, which is
set to 2.43 x 1075 kg/s/person [42].

The HVAC system model and the RC model are both calibrated using
the experimental data obtained during July and August, 2023. In the
HVAC system model, the mean absolute percentage error (MAPE) of
chiller, chilled water, pump, fan, and supply air are all lower than 10%.
The root mean square error (RMSE) of the RC model is 0.54 °C.

= paVSa(wsa - wza) + Sw 14

4.2. Development of RL controllers

4.2.1. Design of a modified DQN controller

To further investigate the performance of DQN, in this simulation,
we modified the DQN controller by increasing the number of its control
actions. Shown in Table 4, the fan speed, damper opening, and chilled
water temperature are discretized. During the occupied time, the fan
speed can change from 10% to 40% (because the fan is oversized,

the highest value is not 100%), the damper from 20% opening (min-
imum adjustable position) to 100% opening (economizer mode), and
the chilled water temperature from 5 °C to 15 °C. Considering the
combinations of the three control variables, the total action space for
DON is 48.

The e-greedy approach is adopted for exploration in training. The
initial exploration rate (¢) is 1.0, and as training proceeds, ¢ gradually
decreases to a minimum value of 0.3. Note that because the action
space is large, a higher exploration rate is necessary for the neural
network model to learn the Q-value of each discrete action. Regarding
other hyperparameters, the learning rate is set to 1 x 107>, the discount
factor (y) is 0.98, the size of the replay buffer is 5 x 10°, and the
mini-batch size is 128.

4.2.2. Design of the DDPG controller

The DDPG algorithm trains four neural networks, including a critic
that maps the state and actions to a Q-value, an actor that maps states
to the optimal actions, as well as a target critic and a target actor whose
weights are slowly updated by the weights of the critic and the actor.
Similar to DQN, the actor in DDPG also has an input layer, two hidden
layers each with 128 neurons, and an output layer, but the output layer
directly generates the optimal action of the three continuous control
variables.

The states of the DDPG controller are the same as the DQN con-
troller discussed in Section 3.2. The range of the control variables is
shown in Table 5. The zone air and supply air temperature setpoints are
still fixed. During the daytime, the fan speed can be controlled between
10% and 100%, the damper opening between 20% and 100%, and the
chilled water temperature setpoint between 5 °C and 15 °C. The wide
range of the three control variables allows the DDPG controller to make
better decisions.

To balance exploration and exploitation, DDPG uses an Ornstein—
Uhlenbeck (OU) process to generate noises in the output actions. The
reversion rate is 0.15 and the standard deviation is 0.2 in the OU
process. As to the hyperparameters for training, the learning rate is set
to 2.5 x 1073 for the actor and 5 x 10~> for the critic, and the rate to
update the target networks is 0.005. The discount factor, the size of
the replay buffer, and the mini-batch size are the same as DQN.

4.2.3. Design of the reward function
Unlike the experiment, the indoor moisture transfer model is added
to the simulation. Hence, the reward function is edited to include the
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The choices of control variables for the modified DQN controller in the simulation.

Occupied time (6AM-10PM)

Unoccupied time (10PM-6AM)

Zone air temperature setpoint
Supply air temperature setpoint
Supply air fan speed

Outdoor air damper opening
Chilled water temperature setpoint

222 °C (72 °F)

12.8 °C (55 °F)

10%, 20%, 30%, 40%
20%, 47%, 73%, 100%
5°C, 10 °C, 15 °C

24.4 °C (76 °F)

12.8 °C (55 °F)

10%, 20%, 30%, 40%
0, 10%, 20%, 30%
5°C, 10 °C, 15 °C

Table 5

The ranges of control variables for the DDPG controller in the simulation.

Occupied time (6AM-10PM)

Unoccupied time (10PM-6AM)

Zone air temperature setpoint
Supply air temperature setpoint

22.2 °C (72 °F)
12.8 °C (55 °F)

24.4 °C (76 °F)
12.8 °C (55 °F)

Supply air fan speed 10%~100% 10%~40%

Outdoor air damper opening 20~100% 0~30%

Chilled water temperature setpoint 5 °C~15 °C 5 °C~15 °C
penalty of violation of zone air relative humidity (r,): 0
ry=rgtory +ar, (15) —500 -
where r; and r; has been shown in Egs. (8) and (9), and -
r¢ = _[¢za - ¢u]+ (16)

T —1500 A
The r,, term penalizes the controller when the zone air relative humid- g
ity is higher than ¢,, which equals 60%. Since the indoor environment & 2000
is unlikely to have very low relative humidity in the hot summer, a
lower bound of the relative humidity is not specified. To determine —2500 -
an appropriate value for a,, the performance of humidity control by
DQN and DDPG is evaluated with «, ranging from 2.0 to 10.0 using —3000 - —— DQN
simulation. The difference in the control performance is small, and we DDPG
finally set a, at 8.0, which is an optimal value for this building. —3500 ! : . .
0 100 200 300 400 500

4.3. Comparison of simulation results

DQN and DDPG are applied to control the HVAC system by interact-
ing with the hybrid simulation model. The weather data in July 2023
in Berkeley, California, U.S.A. are used for training the controllers, and
the subsequent data in August 2023 are used for testing. This subsection
compares the testing results from several aspects.

4.3.1. Computational time and reward

First of all, the computational time of the two algorithms is com-
pared. The algorithms are trained multiple times on a workstation
with CPU and GPU cores, where DQN is trained for 500 episodes and
DDPG is trained for 300 episodes. Based on our calculation, on average,
DON takes about 125 s to finish one episode and DDPG takes about
100 s. This means the training of DDPG is faster when the number of
episodes is the same. This is because DDPG directly outputs continuous
actions from the actor network, avoiding the computationally expensive
process of evaluating and selecting among a lot of discrete actions.

Fig. 13 compares the change of reward as the RL model is trained
by an increasing number of episodes. In the first 300 episodes, the
reward of DQN fluctuates severely as its model output is unstable.
Although it discovers a good control strategy after 300 episodes, the
strategy is still not optimal. DQN is hard to train when the action space
is relatively large and the optimal strategy is not guaranteed to find.
In comparison, DDPG takes fewer than 40 episodes to discover the
optimal strategy, which is fast and robust. Because of its continuous
action space handling and deterministic policy optimization, DDPG
allows for more efficient exploration and exploitation. Also, its actor—
critic architecture reduces the computational burden of evaluating
every possible discrete action in the Q-function, leading to quicker
convergence in high-dimensional environments. As a result, DDPG has
huge advantages over DQN in computational efficiency when the action
space is continuous and has multiple variables.

10

Number of episodes

Fig. 13. A comparison of reward on the test set when DQN and DDPG are trained by
different numbers of episodes.

4.3.2. Thermal comfort, control actions, and energy consumption

Next, the performance of the two algorithms is compared. The
dynamics of the zone and the HVAC system in August (testing phase)
are illustrated in Fig. 14 (DQN) and 15 (DDPG), where the shaded area
indicates the unoccupied time. From the first plot of each figure, the
temperature control of DQN is not as good as DDPG, as the zone air
temperature sometimes even reaches around 25 °C. This is because
DQN may fully open the outdoor air damper by mistake when the
outdoor temperature is high (e.g., on August 7th and 30th). Also, from
the second plot in Fig. 14, the humidity control of DQN is not satisfying
as well, since the indoor relative humidity often rises above 60%.
However, the DDPG controller can guarantee indoor thermal comfort
almost all the time. The last three plots in each figure display the
control commands of chilled water temperature, damper opening, and
fan speed. DQN can only take several limited values for each control
variable, which is usually not the optimal decision in most operating
conditions. In comparison, DDPG can output continuous values in a
wide range, allowing the algorithm to search for the optimal decision
within a specified boundary. From the significant change of control
actions each day, the optimal decision heavily depends on the operating
condition.

Fig. 16 shows the zone air temperature and relative humidity in
occupied time with DQN and DDPG controllers. In both cases, the
zone air temperature setpoint is fixed at 22.2 °C. DDPG is capable
of always maintaining the zone air temperature between 21 °C and
23 °C in August, but when the DQN controller is used, the temperature
sometimes goes beyond the boundary, causing thermal discomfort for
occupants. Besides, in DQN control, the indoor relative humidity rises
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Fig. 14. Performance of the DQN controller on the test set. The temperature and humidity control are not satisfying as constraints are sometimes violated. DQN can only generate

several discrete actions which may not be optimal.

above 60% in 17.4% of the time in August, but this number is 6.5% for
the DDPG controller. This further proves that DDPG’s humidity control
is better than DQN’s.

Fig. 17 compares the control actions of the two algorithms. The
actions optimized by DDPG are usually not equal to the values in
the action space of DQN. This result explains the limitation of DQN:
its actions could be sub-optimal since the optimal action may stay
somewhere between the discrete values in the action space. For ex-
ample, even though the optimal damper opening is 30%, DQN can
only send out a command of 20% or 47%, because the 30% opening
is not in its action space. However, further discretizing the control
variables is also not feasible, because training would be tough given
a large action space. Additionally, due to the difficulty in training,
DOQN sometimes cannot find a good strategy. For instance, DQN often
maintains the chilled water temperature at 5 °C, but the low setpoint
is usually unnecessary since DDPG satisfies the thermal comfort with
a much higher chilled water temperature. Fig. 18 compares the energy
consumption. Because the chilled water temperature in DQN control is
very low, the chiller has a lower efficiency and consumes more energy.
As a result, the energy consumption of DQN is 74% higher than DDPG.

4.3.3. In-depth analysis and lessons learned

Based on the above results, the property of DQN that is only capable
of generating discrete actions can cause a few issues in the control of
HVAC systems. The following are some comments related to DQN:

1. Only limited choices are possible for each control variable. For
example, in our study, the chilled water temperature only has

11

three choices, and the fan speed and damper opening both
only have four choices, but their combinations still add up to
48 actions, which is considered a relatively large space. Other
researchers may also discretize the zone air temperature setpoint
(see Table 1). DQN with a large action space is very difficult to
train, because the Q-function must estimate the Q-values of all
actions, which leads to an exponential increase in the number of
state-action pairs and significantly increases the complexity and
computational demands of the learning process.

2. Because choices are limited, the optimal value of a control
variable usually cannot be reached. For example, the action
space of the outdoor air damper opening is discretized to 20%,
47%, 73%, and 100%. If the optimal damper opening is 60%,
then DQN can only output 47% or 73%, which is either too
low or too high for the damper. In practice, DQN may even
switch between different actions, causing unnecessary hunting
in control (as shown in the fourth subplot of Fig. 14), which can
affect the performance, stability, and safety of the HVAC system.

3. The discrete action space has to be determined before training
the DQN, which could be difficult if the software engineer is
unfamiliar with the HVAC system. Consider a case where the
supply fan in the AHU is oversized. If the engineer does not
have this information in advance, s/he may discretize the fan
speed into 10%, 40%, 70%, and 100%. In this case, although
the optimal fan speed could be between 10% and 30%, DQN will
always output a value of 40% to avoid comfort-related penalties,
wasting a lot of energy on the fan side.
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Fig. 15. Performance of the DDPG controller on the
actions based on the current operating condition.

test set. The temperature and humidity control are much better than the DQN controller. DDPG can generate continuous
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Fig. 16. Comparison of the zone air temperature and relative humidity between DQN and DDPG controllers (occupied time in the testing phase). On average, DDPG has better
temperature and humidity control than DQN.

However, the structure of DDPG allows it to avoid the above three
issues effectively. Here are a few points:

and rapid convergence makes DDPG particularly advantageous
in the deployment of advanced controllers in HVAC systems.
2. Because DDPG uses policy gradient to search for the optimal

1. Because the actions of DDPG are continuous, the size of its action action in an continuous action space, a wide boundary can be

space is equal to the number of control variables. In this simu-
lation, the number of actions is only 3, compared to DQN which
has 48 actions. The low dimension of action space significantly
reduces the computational time and difficulty in training. For
example, our simulation shows that DDPG usually finds an opti-
mal strategy after training for about 40 episodes. This efficient

12

specified for each control variable which fully covers the equip-
ment’s adjusting range. For example, the dampers and fans can
be adjusted from their minimum adjustable position/speed to a
full opening/speed, and the chilled water temperature setpoint
can be specified between 5 °C and 15 °C. This operational
range is known during the design phase of the HVAC system, so
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Fig. 18. Comparison of the total energy consumption between DQN and DDPG controllers (testing phase). The DQN controller consumes 74% more energy than the DDPG

controller.

the software engineer can determine the setpoint range of each
control variable without too much effort.

. Because the operational range of control variables are deter-
mined by HVAC engineers during the design phase, simply
adopting them as variable boundaries in DDPG helps prevent
safety issues. In this simulation, the minimum outdoor air
damper opening is 20%, so the damper cannot be fully closed
during the occupied time. Also, the minimum fan speed is 10%,
so the RL controller cannot mistakenly switch off the fan when
the chiller is running. Note that, ensuring DDPG adhering to
these safety constraints will increase its acceptance among HVAC
technicians, who prioritize maintaining system integrity and
preventing potential malfunctions.

Compared to DQN, DDPG is more suitable for control problems
with a high-dimensional action space. Especially, the control of HVAC
systems belongs to this category considering its complexity and large
degrees of freedom. The designed RL controller usually needs to control
multiple devices on the actuator level such as dampers, fans, valves,
chillers, and pumps, and also determine setpoints on the supervisory
level, such as the chilled water setpoint, supply air setpoint, and zone
air setpoint. DDPG could be more competent than DQN given the large
numbers of control variables.
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5. Conclusion

This paper designed two reinforcement learning (RL) algorithms
for central HVAC system management in an office building: a value-
based algorithm termed DQN and an actor—critic algorithm termed
DDPG. The performance of the DQN controller was evaluated through
experiments in a building test facility, and a detailed comparison
between DQN and DDPG was conducted on a simulation platform
with a hybrid simulator. The results demonstrated that both DQN and
DDPG can provide appropriate cooling to an office building, ensuring
thermal comfort and minimizing energy consumption. However, the
value-based algorithm also showed some limitations. Particularly, it
applies to only small discrete action spaces, which restricts its ability
to find optimal actions involving multiple continuous control variables
in an HVAC system. In contrast, DDPG proved to be more efficient
for larger action spaces, requiring fewer computational resources, con-
verging faster, and delivering better temperature and humidity control
along with lower energy consumption. By directly handling continuous
actions through an actor—critic architecture and optimizing the policy
using deterministic policy gradients, DDPG can successfully address the
limitations encountered by DON in the control of HVAC systems.

Future work can focus on the experimental assessment of actor—
critic RL algorithms on the control of HVAC systems. Currently, most
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applications of RL on building energy systems are simulation studies,
and we hope to test its long-term performance in real buildings. This
can help us identify practical issues of RL applications and refine the
whole RL controller for better control performance.
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