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ARTICLE INFO ABSTRACT

Keywords: Reinforcement Learning (RL) has presented considerable potential as an advanced control tech-
Reinforcement learning nique in building controls to enable buildings operating more energy-efficient. As various types of
Model-free RL RL algorithms have been studied on their performance of building controls, benchmarking these
Model-based RL algorithms across the entire spectrum of features is essential to provide an overview and deepen

Building energy efficiency

the understanding of RL applications. Therefore, this study aims to compare and analyze the
Control optimization

effectiveness of various RL algorithms, encompassing the entire RL categories featured by value-
based, policy gradient, actor-critic and model-based RL considering model availability and policy
representation. To provide a comprehensive analysis, in addition to the control performance
quantified by the cumulative rewards based on the cost function of RL, data demand and
robustness of hyperparameter tuning were investigated. The open-source Gym-Eplus framework
was selected as the virtual environment to train and test different RL agents. The results showed
that both model-free and model-based RL agents outperformed the baseline rule-based control in
terms of energy consumption and thermal comfort, and RL agents were capable of evaluating both
short-term and long-term rewards to achieve adaptive control optimization continuously along
with the online control process. Model-based RL agent improved the data sampling efficiency but
presented a relatively sacrificed control performance during the tested summer days.

1. Introduction

1.1. Research background

Facing the challenges of climate change and energy crisis, countries worldwide have set intensive targets for achieving carbon
neutrality. Buildings, contributing to over 36 % of energy consumption and approximately 30 % of greenhouse gas emissions globally,
play an important role in realizing the targets of carbon neutrality [1]. In buildings, Heating, Ventilation, and Air Conditioning (HVAC)
systems are normally responsible for almost 40 % of total energy consumption, in which operational stage of buildings account for
around 30 % [2]. Thus, implementing effective controls to enable HVAC systems in buildings operating efficiently and meanwhile
ensuring a comfortable indoor environment is essential [3].

Given the critical role of control strategies in buildings, many studies have been conducted to identify the optimal solutions for
building controls. Currently, the predominant control strategy in use is rule-based feedback control (RBC), commonly implemented via
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PID (proportional-integral-derivative) controllers [4]. This RBC strategy normally adheres to a pre-determined schedule set by
experienced engineers or established guidelines (e.g., ASHRAE Guideline 36) [5]. The control actions derived from fixed rules lack
responsiveness to the variations in operational conditions (e.g., outdoor weather), posing risks of buildings operating seriously
deviating from optimal performance. In contrast, model predictive control (MPC) is more advanced than RBC methods. MPC can
identify the optimal control actions by using a system model to predict the future evolution of the system performance over the
prediction horizon [6]. Despite its advancement, establishing a system model that can precisely capture the dynamic behaviors of the
building and its HVAC system has a high demand on domain knowledge. Additionally, a specific model developed is difficult to be
generalizable for other buildings, which troubles the widespread adoption of MPC [7].

In recent years, the strengths of artificial intelligence have given rise to reinforcement learning (RL) as a promising technology
poised to revolutionize building controls [8]. RL is a subset of machine learning that learns to obtain optimal sequences of actions
through interacting with a dynamic environment. The mathematically idealized form of an RL problem is a Markov Decision Process
(MDP) [9]. Fig. 1 shows the basic form of MDP represented by a quaternion MDP = < S,A,R,P >, where S, A and R stand for state
space, action space, and reward respectively; r; denotes the reward received by the agent for the action a; in the state s, at the time step
t; P means the probability of each action to be selected at the state s;. At each time step, through observing the environment states, the
agent adjusts its policy to output the actions that can maximize the cumulative rewards, that is, the sum of rewards an agent accu-
mulates over a sequence of actions within an environment. The environment embodies the problem to be solved given that MDP is
satisfied.

RL methods can be categorized into model-based and model-free approaches, depending on whether an environmental model is
utilized. Model-based methods employ a model to simulate and understand the dynamics of the environment, while model-free
reinforcement learning (MFRL) algorithms directly identify the optimal policy (i.e., control strategy) through the interactions with
the environment, which owns the nature of the trial-and-error process [10]. MFRL algorithms mainly rely on three methods to realize
policy representation, i.e., value-based, policy gradient (PG), and actor-critic (AC) [11].

1.2. Literature review

The literature review was conducted via ScienceDirect and Google Scholar using the searching keywords of ‘Reinforcement
Learning’, ‘HVAC’ and ‘Control’ with targeting the past five years (exactly from January 2019 to March 2024). Rather than
exhaustively reviewing all the publications within the period, the objectives of the literature are: (1) to introduce the current status of
typical RL algorithms under different categories (i.e., value-based, policy gradient, actor-critic and model-based RL) applied in
building controls; (2) to summarize the comparative studies of benchmarking different RL algorithms in building controls.

Value-based MFRL algorithms estimate the expected return of states or state-action pairs to derive the optimal policy. This method
is stable and efficient, particularly in environments with discrete and finite action spaces. The versatility of value estimation and policy
extraction methods results in a wide array of variations in value-based algorithms, ranging from Q-table algorithms to state-of-the-art
Rainbow Deep Q-Network [12]. Qiu et al. [13] applied Q-learning to control a cooling water system and the results showed that the
energy savings achieved by RL reached 12 %, surpassing the 7 % achieved by a RBC. Valladares et al. [14] utilized the deep Q-network
(DQN) to control temperature setpoints of air-conditioning units. Compared to the simple RBC, the RL agent presented a better
Predicted Mean Vote (PMV) and a 10 % lower CO; level with consuming 4-5% less energy. Yoon and Moon [15] proposed double deep
Q-network (DDQN) integrated with an experience replay buffer to control a variable refrigerant flow (VRF) system and a humidifier,
achieving a 32.2 % reduction of energy consumption without compromising the PMV.

When dealing with continuous or high-dimensional action spaces, PG algorithms can directly optimize the policy without the need
to discretize the action space or approximate a value function encountered in value-based methods. Jia et al. [16] proposed REIN-
FORCE with expert policy guidance to control the supply air temperature of a variable air volume (VAV) system, achieving a superior
control performance over the control logic developed in ASHRAE Guideline 36. Azuatalam et al. [17] proposed Proximal Policy
Optimization (PPO) and Trust Region Policy Optimization (TRPO) to control the heating/cooling setpoint of a VAV system in demand
response events. The results showed that a maximum 22 % reduction of energy consumption was achieved by the RL agent against the
RBC controller.

Actor-critic algorithms blend value-based approaches (critic) to estimate a value function with policy-based methods (actor) to
directly learn a policy, harnessing the strengths of both to enhance the convergence properties and learning stability, especially in
continuous action spaces. Zhang et al. [18] developed an Asynchronous Advantage Actor-Critic (A3C) to optimize the operation of a
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Fig. 1. Schematic of Markov Decision Process (MDP).
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radiant heating system in an office building. The results showed that the RL agent achieved a 16.7 % heating demand reduction
compared to the rule-based control. Schreiber et al. [19] proposed Deep Deterministic Policy Gradient (DDPG) to control the operation
of a chiller system, resulting in a 14 % reduction of weekly billing costs. Zhang et al. [20] deployed A3C in a VRF system to achieve
16.1 % energy saving with better thermal comfort and demonstrate its robustness under varied weather conditions.

The nature of trial-and-error learning process in MFRL makes the training time-consuming and data-demanding. Also, the random
control actions may pose risks to system security and robustness [21]. Compared with MPC that requires training data from several
days to weeks, MFRL often spans from several months to years of training data [8]. To solve this problem, model-based reinforcement
learning (MBRL) algorithms are emerging due to their higher data sampling efficiency over MFRL while maintaining asymptotic
performance [22]. MBRL algorithms focus on addressing two key issues: first, how to construct an accurate environment model during
learning, and second, how to utilize the learned environment model for policy optimization. Based on these two considerations, MBRL
can be broadly categorized into two types, one of which is known as the “learned model”. The Dyna framework falls into this category.
It combines MBRL with MFRL to utilize the environment model to generate abundant virtual samples, which are then used by
model-free algorithms for further policy optimization. The other type is known as the “given model”. One example is AlphaZero,
originating from the agent for the chessboard game AlphaGo [23]. It utilizes existing models through Expert Iteration and Monte Carlo
Tree Search (MCTS). In addition, studies recently begun to fit the MPC into the MDP framework for solving optimization problems.
This contributes to reducing the amount of data required for training and enhances the stability of the learning process. Gao and Wang
[21] developed model-based DDQN and model-based Soft Actor-Critic (SAC) with Dyna framework to control a heat pump. The results
showed that model-based RL achieved a control performance as good as model-free RL with a shorter training time. Chen et al. [24]
proposed PPO integrated with policy learned by Differentiable MPC to control supply water temperature of a heat exchanger. After
imitating, the agent achieved 6.6 % energy saving compared to the published result using the same environment. Zhang et al. [25]
developed a model-based RL combining MPC and random-sampling shooting that learned the system dynamics using a neural network.
Compared with PPO, the model-based approach improved the sample efficiency by 10 times with significantly reducing the energy
consumption.

As various types of RL algorithms from different categories have been studied on their performance of building controls, bench-
marking the training efficiency and control performance of these algorithms across the entire spectrum of features is essential to
provide an overview and deepen the understanding of applying RL in building controls and revealing specific behavioral patterns of
each algorithm. The studies targeting the comparison of different RL algorithms conducted in recent years are summarized in Table 1.
Schreiber et al. [19] and Du et al. [26] compared the performance between DDPG and DQN and results showed that DDPG had a slight
advantage over DQN, demonstrating the better capability of actor-critic architecture in handling high-dimensional state and action
spaces against value-based algorithms. Gao and Wang [21] compared SAC and DDQN as well as Dyna-based MBRL and concluded that
MBRL performed similarly as MFRL but with a relatively shorter training time. Chen et al. [22] and Zhang et al. [25] compared the
MBRL (combining MPC approach) with PPO and the results showed that the MBRL algorithm could approach the performance of MFRL
but with an enhanced sample efficiency. Ding et al. [27] compared the proposed MBRL approach with MBRL approach developed in
Ref. [25] and PPO to show the method can reduce the training data set by 10.52 times while achieving approximate performance to
PPO and obtain 8.23 % more energy savings compared to MBRL approach in Ref. [25]. These studies used PPO as a baseline algorithm
of MFRL to illustrate the improvements in sample efficiency brough by their proposed MBRL methods.

1.3. Aim and objectives

According to the literature, benchmarking different RL algorithms is rarely conducted targeting the entire spectrum of RL cate-
gorization to reveal and characterize the features of diverse techniques of model availability and policy representation. This study,
therefore, aims to benchmark and analyze the effectiveness of RL algorithms selected from each category of RL algorithms, consisting
of Deep Q-Network (DQN), Double Deep Q-Network (DDQN), Proximal Policy Optimization (PPO), Asynchronous Advantage Actor-
Critic (A3C) and model-based Gnu-RL. The training process, hyperparameter tuning, data demand and control performance in
buildings are analyzed and compared. The main contributions of this work include: (1) the entire spectrum of RL algorithms featured
by model availability and methods of policy extraction is compared in building controls; (2) the training efficiency and control ac-
curacy are considered across the RL algorithms under different categories; (3) the robustness of hyperparameter tuning for different
algorithms is analyzed and the impacts of target network under value-based algorithms, dominant algorithms in building controls
based on the literature review, are investigated.

Table 1
Summary of recent comparative studies of RL algorithms for HVAC controls.
Reference Year of publishing Different Ways of Policy Representation Model
Availabilit
Value-based Policy gradient Actor-critic vatablilty
[19] 2020 DQN DDPG
[21] 2023 DDQN SAC \/
[22] 2022 PPO \/
[25] 2019 PPO \/
[26] 2021 DON DDPG
[27] 2023 PPO \/
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2. Reinforcement learning algorithms to be benchmarked

According to the literature introduced above, reinforcement learning is normally categorized via the features of model availability,
i.e., whether a model of the environment is deployed in the decision-making process, and policy representation, i.e., how to estimate
the actions and optimize the policy. Reinforcement learning algorithms are therefore divided into model-based and model-free al-
gorithms, and within model-free algorithms, three categories are further realized: value-based, policy-gradient, and actor-critic
methods. The selection of algorithms to be benchmarked are based on the above literature, considering the following criteria: (1)
whether the algorithm is representative for its category; (2) whether the algorithm has already demonstrated effectiveness in HVAC
control; (3) the inadequacy of comparisons with other categories; (4) and their potential for widespread application in the future. In
this study, four typical algorithms are selected under the above four categories/subcategories. Value-based algorithms are relatively
further developed and therefore two algorithms of Deep Q-Network (DQN) and Double Deep Q-Network (DDQN), covering the main
techniques of improving the algorithm capabilities, are selected to explore their control performance in buildings. For Policy Gradient
(PG) algorithms, Proximal Policy Optimization (PPO) is selected due to its promising strength of avoiding performance variance and
unstable updates. Under the actor-critic (AC) algorithms, the Asynchronous Advantage Actor-Critic (A3C) algorithm is selected
because of its faster convergence rate that are benefited from its unique characteristic of parallelism, utilizing multiple parallel agents
to learn the environment simultaneously. Among model-based reinforcement learning (MBRL), integrating model predictive control
(MPC) to help the updating of reinforcement learning policy has been demonstrated its effectiveness to realize building control with
reducing the training process and Gnu-RL [24] is selected in this study to enable the elements of rule-based, MPC and RL involved in
the study. The detailed principles of each selected algorithm are presented below.

2.1. Value-based algorithms

The DQN and DDQN are selected as typical algorithms in the category of value-based RL. Value-based RL algorithms use the
temporal-difference (TD) method to estimate and update the action-value function. DQN algorithm is developed from Q-learning by
substituting discrete Q-table with deep neural networks to avoid the size of Q-table growing exponentially when dealing with
continuous or high-dimensional states [28]. DDQN is an extended version of DQN designed to address the issue of potential over-
estimation that arises in Q-learning when evaluating action values [29]. DQN and DDQN algorithms encompass the main techniques of
experience replay and target networks to advance the performance in value-based RL algorithms [30]. The operational mechanism of
DON and DDQN are illustrated in Fig. 2.

In Fig. 2, the replay memory module stores previous state transitions (s,a,r,s) at different timesteps in a replay buffer and
randomly samples a mini batch during training, which significantly improves data efficiency by considering past experiences. Also, this
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Fig. 2. The mechanisms of DQN and DDQN algorithms.
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function breaks the temporal correlation between interactions with the environment by sampling experiences from a range of states

and actions, reducing the risk of overfitting to recent experiences. In this study, the reuse time of samples in the replay memory was set

as a low value (i.e.,2) to avoid the training over relying on the specific samples. The target Q network, periodically updating the copy of

online Q network, aids in computing stable target Q-values to mitigate oscillations and divergence in the learning process. The deferred

updates of the target network ensure it robust to the noise in the current Q-value estimates, yielding more reliable value approxi-

mation. For DQN, target network weighing is responsible for obtaining the TD target max Q(s,d; 67) from all possible actions a in the
a

next state s. For DDQN, the online Q network weighing 6 is deployed to select the action a* to be executed in the next state s, and then
target (A2 network weighing ¢;” is applied to evaluate the value of the chosen action a, i.e., Q(s/, a*; ;) in loss function of DDQN. The Q-
value update rule in DQN and DDQN is shown in the loss function with different TD targets. The annotation in red in Fig. 2 shows the
differences between DQN and DDQN algorithms. If the red annotations are removed, the framework then represents the DQN algo-
rithm with replay memory and target network.

2.2. Policy gradient algorithm

PPO, as a policy gradient method, directly optimizes the policy to ensure reward improvement and training stability [31]. The PPO
is further developed based on the basic policy gradient theorem, of which calculation is presented in Eq. (1) and Eq. (2):

J(0) = D ey (5) Vi, () = 3 d, ()3 7mo(als)Qx(s, ) o)

Vo (0) = E,, [V In my(als)Qx(s,a)] 2)

Eq. (1) decomposes the total expected return under the policy 74(als) into a weighted sum of the expected returns Q,(s, a) for each
pair of state and action, where the weights are given by the stationary distribution d,,(s) of the Markov chain for policy 7,. Eq. (2)
describes how to adjust the policy parameter ¢ along the direction of gradient ascent V,J(#) to maximize the total expected return,
where V, In 75(als) indicates the change in the probability of choosing the action a in the state s as 9 changes. PPO aims to stabilizes the
training by avoiding excessive updates of parameters 6, which are susceptible to overly altering the policy in a single update. Therefore,
PPO further optimizes the objective function by introducing a clipping mechanism [31]:

L(6) = E, [min(w,(0)ATETH) clip(w,(6), 1 — €, 1 + €)AGETD)] (3)

Where, the clipped objective function chooses the smaller value between the original objective WI(Q)ASAE(V'“ and the clipped objective

clipw(0),1 —¢€,1 + e)A?AE(M). The clipped objective limits the ratio w;(6) of current policy and old policy into 1 —eand 1+ ¢, ecisa
hyperparameter, as shown in Eq. (4):

mg(ails:)
w(0) = ———= 4)
'( ) o (a/ |S1)
The advantage function A® " quantifies the performance of the chosen action a over the mean for a given state s, as shown in Eq.
(5):
A(s,a) = Q(s,a) — V(s) ®)

where, Q(s, a) is the action-value function (expected return of taking action a in state s); V(s) is the state-value function (expected
return of state s under the current policy). In this paper, Generalized Advantage Estimation (GAE) method is used to estimate the
advantage function. GAE introduces a trade-off parameter A to apply a weighted average that considers rewards over multiple steps k,
thus smooth high variance in the estimation [32]:

AT =3 1) ol Q)

where, y is the discount factor used to calculate the present value of future rewards. 1 is GAE parameter. TD residual &, utilizes
immediate reward r; and value estimation of future states V(s;1) to update the value of current state V(s;), as shown in Eq. (7):

5,‘/ =r 4+ yV(se1) — V(sy) )

2.3. Actor-critic algorithm

The A3C algorithm [9], as an actor-critic method, operates on the principles of Policy Gradient and TD learning. It directly op-
timizes the policy (the “actor”) through policy gradient and estimates the value function (the “critic”) via TD learning. During the
policy update process, A3C algorithm uses gradient ascent to update the policy parameters ¢ to move it in the direction of higher
expected future rewards, as demonstrated in Eq. (8).

00+ aVlog n(s,a; 0)A(s,a) 8)

where, 6 is policy parameters; « is the learning rate; z(s, a; 0) is the policy; Viog z(s, a; 6) is the policy gradient; A(s, a) is the advantage
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function of action a at the state s. In the policy gradient, the policy is the ‘actor’ which is used to select actions, and the advantage
function is the ‘critic’ which is used to evaluate the learned control policy. The advantage function in A3C algorithm shares the same
definition as Eq. (5). The value function V(s) is updated based on the TD target and the TD error 5, which are defined as Eq. (9) and Eq.
(10) respectively [26].

V(s)<V(s) + as 9
S=r+7yV(s)— V(s) (10)

where, r is the reward received after taking action a in the state s; y is the discount factor; s is the new state after taking action q; V(s') is
the estimated value of the new state. The agents update their local models independently and asynchronously, and these updates are
occasionally synchronized with the global model, thereby enabling efficient exploration and learning, as shown in Fig. 3 [18].

2.4. Model-based algorithm

The Gnu-RL is a model-based RL algorithm that combines imitation learning, RL, and MPC [24]. Utilizing imitation learning en-
ables the application of RL for building control without the need for priori information other than historical data. Moreover, since the
Gnu-RL employs the differentiable MPC policy instead of neural networks in RL, it can encode domain knowledge in terms of system
dynamics in a way that makes it both sample-efficient and interpretable. Initially, the Gnu-RL agent is pre-trained using the historical
state-action pairs of the existing controller, aiming to match its behavior before interacting with the environment. Subsequently, the
agent employs the PPO algorithm during testing to refine the building dynamics model and further improve its policy. The Gnu-RL has
been tested on its potential in buildings in Ref. [24].

The whole framework of Gnu-RL can be divided into two parts, imitation learning through differentiable MPC and online learning
through PPO. In the Gnu-RL, the building dynamics applied in the MPC is described as a linear model shown in Eq. (11):

Xi41 = Bx; + Bya, + Byd, (11)

where, X, is the zone temperature at the step t; a; is the action at the step t; d, is the disturbance at the step t (such as weather and
internal heat gain); B, B, and By are the coefficient metrics characterizing the thermodynamics of the building, and are the only pa-
rameters needed to learn for the differentiable MPC policy., i.e. § = {B, B4, Bs}. The mean squared error (MSE) loss between the
trajectories of the existing controller and MPC controller is minimized through the loss function shown in Eq. (12):

Global agent

Input state

Updage

------

Local agent 1 Local agent 2 Local agent 3 Local agent n
. state . tat . tat
action > action state, action state, action state,
reward reward reward reward

Local Env 1 | | Local Env 2 | | Local Env 3 |

Generate copies

| Global Environment |

Fig. 3. Framework of A3C algorithm.
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Lot (6) = Z(l,(x, — )+ (- u;)2) (12)

t

where, x;,u, are the state and action for the existing controller, and x},u; are those for the MPC controller. Then the policy can be
updated by Eq. (13):

00 — aVyL;,, (0) (13)

where, a is the learning rate. Once a pre-trained policy 7, is obtained, the policy is updated online by PPO algorithm, which can be
simplified as Eq. (14):

00 — aVoLppo(0) a4
where, Lppo(6) is the same as defined in Eq (3).

3. Test platform

3.1. Framework of benchmarking RL algorithms in building controls

The flowchart of benchmarking different RL algorithms in building controls is shown in Fig. 4. The reference model of
‘5ZoneAutoDXVAV.idf* in the EnergyPlus was chosen as the target building in this paper. This building is a small office building
located in Pittsburgh, which has one storey with 5 zones. The building has windows at each elevation and glass doors at south and
north elevations. This building model was selected because it was well developed as a representative office building and had been used
in many research works, including the studies on RL algorithms due to its proper level of complexity regarding the dimensions of states
and actions spaces for RL tasks [ [17,33-35]]. The Heating, Ventilation, and Air Conditioning (HVAC) system in the building is a
packaged Variable Air Volume (VAV) system, operating from 8:00 a.m. to 18:00 p.m. The room temperature was set as 24°C during
occupied periods. The period from 1st June to 31st August was used to train the RL agent with time interval of 15 min. The weather file
used for training was pittsburgh TMY2. epw.

In real-world applications of RL for building controls, uncertainties such as building dynamics and sensor inaccuracies could impact
the performance of RL agents. These uncertainties may lead to unexpected environmental transitions, potentially degrading the
performance of RL algorithms. The benchmarking of this study was from algorithmic perspective and these uncertain factors were not
considered in detail. To evaluate the performance of trained RL agents in new environments with a certain level of uncertainties, in this
study, a validation model was generated by changing the weather file to pittsburgh_ TMY3. epw. The other settings for testing remained
consistent with the training. The objective of the RL agent was to minimize the operational energy consumption of the HVAC system
while maintaining the indoor temperature within a pre-set comfortable range. The Gym-Eplus was used for the implementation of RL
in building controls [36]. Gym-Eplus is an open-source virtual environment for RL application based on the EnergyPlus software
wrapped within OpenAl Gym [37]. It interfaces with the EnergyPlus model using the inter-program communication function available
in EnergyPlus, in conjunction with the BCVTB (Building Controls Virtual Test Bed) middleware [38].
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Fig. 4. Flowchart of benchmarking different RL algorithms.
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3.2. Design of RL controls in buildings

3.2.1. RL states

In the RL agent, the states reflect what is observed in the environment, which decides the action subsequently. In this study, the
chosen states are shown in Table 2. The states were normalized in the range of [0, 1] to speed up the training process. This could reduce
the scale differences among state features, preventing some features from dominating the learning process.

3.2.2. RL actions

Actions are the targeting control variables that the RL agent comes to choose through the policy. In this study, the control variable
was the set-point of supply air temperature to the zones, and the considered range is set to be [12,24]. The action space was discretized
into uniform intervals with a gap of 0.5 °C, i.e., [12, 12.5, 13.0, ..., 24.0] to ensure sufficient control accuracy for the implementation
of Deep Q-Network (DQN) and Double Deep Q-Network (DDQN) algorithms.

3.2.3. RL reward

The reward defines the control objective of RL. In this study, the RL agent was to enhance the energy efficiency while ensuring
acceptable indoor thermal comfort. The PPD (Predicted Percentage of Dissatisfied) representing the indoor thermal comfort and the
total HVAC power demand were used to design the reward function. The total HVAC power demand was normalized to [0, 1] to match
the scale of PPD in the objective function. The reward function of RL agent is shown as Eq. (15):

Reward = (1 — obppp) X OccupantFlag x p + (1 — 0byyac Em,,gy) X € (15)

where, obppp is the RL agent observation of PPD; Occupant Flag is the occupancy status of the building and its value is 1 for occupied
time and 0 for unoccupied; 0bxyac gnergy is the normalized total HVAC power demand; ¢ and p are the weighting factors and set as 0.5
and 0.5 respectively in this study. Although the action of switching off (i.e., 0bgvac Energy = 0) HVAC system when the building is not in
use (i.e., Occupant Flag = 0) yields the maximum immediate reward, the RL agent is capable of learning to pre-cool the building to geta
higher cumulative reward in the future.

3.2.4. Hyperparameter tuning

The performance of RL relies on the hyperparameter settings in a given task and environment [39]. In general, each algorithm has
an optimal set of hyperparameter settings that may differ from the others. The tuning of hyperparameters usually requires multiple
trials and iterations to find the combination of hyperparameters that maximizes the performance of the algorithm. In RL algorithms,
learning rate is crucial hyperparameter because it determines the extent that newly acquired information overrides old information. A
well-tuned learning rate guides the convergence rate of the algorithm to optimal or near-optimal policies. Therefore, in this study, the
learning rate were optimized for each algorithm and other hyperparameters in different algorithms were set based on their algorithm
characteristics. The learning rate was optimized from 10 values: [0.000001, 0.000005, 0.00001, 0.00005, 0.0001, 0.0005, 0.001,
0.005, 0.01, 0.05], which covered a sufficient range to find an optimal learning rate. The learning rate that enabled the algorithm to
achieve maximum cumulative reward was selected, as shown in Table 3. The combination of best learning rate and other hyper-
parameters for each algorithm is shown in Table 4. The structure of neural network deployed in this study was kept simple because a
complex neural network model was not necessarily leading to a better control performance but may trouble the performance of RL due
to the risks of overparameterized and difficulties in the update of trained neural network. The hyperparameter tuning is designed as
Fig. 5, considering the number of layers and the number of neurons under each test of learning rate. In total, 300 (i.e., 5 algorithms*10
learning rates*6 structures of neural network) tests were conducted for all algorithms. In Fig. 5, ‘ReLu x-y’ means a neural network
equipped with y layers with x neurons and applied ReLu as activation function of each neuron. The hyperparameter tuning for each
algorithm was conducted. The ReLu 128-2 was selected after the tests.

3.3. Baseline control

The baseline control is to use the cooling load of the hottest zone in the building to determine the supply air temperature (Ts.), and
its control logic is shown in Eq. (16):

Qi
T =T+ ——o——
it + Cp,air X M nax (16)

where, T is the supply air temperature of the VAV system, i is the zone number; T is the indoor air temperature, Q is the zone cooling

Table 2
Selected states for the RL agent.
No. State No. State
1 Site Outdoor Air Drybulb Temperature, °C 7 Building Mean Temperature, °C
2 Site Outdoor Air Relative Humidity, % 8 Indoor Air Temperature Setpoint, °C
3 Site Wind Speed, m/s 9 Building Mean PPD, %
4 Site Wind Direction, ° 10 Occupancy Flagi.e.,, 0 or 1
5 Site Diffuse Solar Radiation Rate per Area, W/m? 11 Cooling Coil Electric Power, W
6 Site Direct Solar Radiation Rate per Area, W/m? 12 Facility Total HVAC Electric Demand Power, W
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Table 3
Optimized learning rate of each algorithm.
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Maximum Cumulative Reward

Algorithm Learning Rate
DQN 5x1073 5878.99
DDQN 5x10°3 5886.41
PPO 5x107* 5889.37
A3C 1x107°° 5892.25
Gnu-RL 5x107* 5819.62
Table 4
Hyperparameter settings of each selected algorithm.
Item DQN & DDQN PPO A3C Gnu-RL
Network Layers 2 2 2 /
Neurons Number (L1/L2) 128/128 128/128 128/128 /
Batch Size 512 512 / 512
Discount Factor 0.99 0.99 0.99 0.99
Clipping Ratio / 0.18 / 0.18
Generalized Advantage Estimation Coefficient / 0.98 / /
Local Agent Number / / 12 /
Learning Batch Size / / 5 /
Planning Horizon / / / 12
Update Episode / / / 1
A 1x107°
‘/ 5x1 0—6
ReLu 64-2 \\‘l '
\ 77 /
\\‘o’ = 775 1x1075
NS "’/,//
ReLu 64-4 (NS A7
Nz A sxa0
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O \;\«\\\
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ReLu 236 )= "S\\

Structures of

T
G

fully connected neural

networks

Learning rate

Fig. 5. Hyperparameter tuning of neural network and learning rate.

load, Cj, qir is the specific heat of air, and mpq is zone maximum supply air mass flow rate.

4. Results and discussion

4.1. Convergence of training performance

In this study, all algorithms were executed on the same computer within Oracle VM VirtualBox to ensure a fair comparison [40].
The virtual machine was configured with an Ubuntu 16.04 operating system, allocated 20,000 MB of RAM, and 8 CPU processors, with

the execution cap set at 90 %.

Fig. 6 presents the convergence curves of selected algorithms during the training and achieved cumulative rewards during the
testing with best set of hyperparameters. The dotted lines parallel to the x-axis indicate the total rewards obtained by the agent in a
testing episode. The training curves were clearly upward in the cumulative rewards along with the training process. After a few ep-
isodes, the Reinforcement Learning (RL) agents outperformed the baseline controller through the interaction with the environment.
Since the Gnu-RL was designed for the agent not to be trained online after the imitation learning was completed, it only had the testing
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Fig. 6. Cumulative rewards of RL algorithms in the training and testing processes.

progress, of which cumulative reward was slightly lower than other model-free algorithms. As shown in the figure, the training curves
of all algorithms were marginally higher than their testing curves, indicating the changes in the environment reduced the capability of
the agents to maintain the same performance in the training environment, particularly under new transition probability or combi-
nations of states that the agent had never encountered before [9].

The training curve of Asynchronous Advantage Actor-Critic (A3C) quite differed from the others, showing a good stability after
convergence. This may be because the learning rate that yielded the best performance for A3C in this case was tuned to be 1 x 107>,
which was very lower against the values of the other algorithms. The A3C outperformed the others at the start of training process,
which was benefited by its characteristic of asynchronous that multiple sub-agents (i.e., set as 12) learned in parallel and each
asynchronously updated the global parameters using temporal difference learning. As shown in Table 4, the learning batch size for a
single agent is set as 5, which implies that updates to the global gradient are frequent and incremental. In contrast, for other algo-
rithms, the amount of data from a single episode does not lead to such frequent updates, thereby preventing them from exploring
effective strategies as early as A3C does. In addition, sub-agents explored different replica of the environment to learn different
strategies, which often leads to the discovery of more rewards especially in the initial stages [41].

The training of Deep Q-Network (DQN) was converged at around 80 episodes, slower than Double Deep Q-Network (DDQN) at
around 50 episodes. During the training, both algorithms exhibited oscillations but the oscillations in DDQN ended earlier than DQN,
which could be attributed to that DDQN reduced the overestimation of action values by employing two separate networks to decouple
the two steps of selecting the best action and evaluating its value. PPO (Proximal Policy Optimization) algorithm experienced minimal
oscillation in the training. This indicates that the clipping mechanism avoids the pitfalls of large policy updates that could lead to
performance degradation. In addition, the Generalized Advantage Estimation (GAE) method adopted in this study provides smoother
and more stable estimates of the advantage function, leading to more efficient policy updates in most circumstances.

5900
5850
B
g
E 5800
2
g
g 5750
18} - .
100 110 120
5700 DQN Techniques
—— DQN with Target Network
DDQN
5650 —— DQN without Target Network
0 30 60 90 120 150
Episodes

Fig. 7. Effectiveness of target network applied in value-based algorithms.
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4.2. Analysis of training performance

4.2.1. Necessity of deploying target network in value-based algorithms

As the value-based algorithm is dominant in building controls based on the literature, the strategy of target network was analyzed
on the performance of RL training. In Fig. 7, it is evident that without the target network, the DQN algorithm was obviously slower and
fluctuated during training. Its convergence required a higher volume of data. The target network replicated the architecture of the
online network but with less frequent updates to its weights. Updating the Q-values directly using a single network results in highly
variable and unstable updates. As shown in Fig. 7, DDQN converged most quickly because it utilized target network to reduce
overestimation by separating action selection and value estimation for computing the TD (Temporal Difference) target, showing fastest
convergence with less oscillations among value-based algorithms.

4.2.2. Data demand for training of each algorithm

Fig. 8 shows the amount of data required by different algorithms for the convergence. The calculation of data required for the
training determined by the convergence of RL algorithms. When the fluctuation of cumulative reward stayed within 0.3 % over the past
5 consecutive episodes, the algorithms were regarded as converged and the total number of data samples used was defined as data
demand for training. Generally, model-free RL algorithms presented a better control performance, but high demand on the training
data, compared with model-based RL. The high data demand of RL algorithms would trouble the agent training, especially when the
training happened in real systems. Thus, leveraging domain knowledge, models and virtual environment to pre-train the RL agents
could facilitate the applicability of RL algorithms in building controls.

4.2.3. Robustness of hyperparameter tuning during implementation

Fig. 9 shows the robustness of RL algorithms towards the setting of learning rate. Learning rate is an influential parameter of RL
algorithm. In this work, 10 different settings of learning rates, as shown in Fig. 5, were tested regarding its impact on the training
process. In Fig. 9, the prominent line represented the performance using the optimal learning rate, the same curves in Fig. 6. The
shadowed areas were generated by applying a +15 % deviation for each profile of training produced under each learning rate. Darker
regions indicated more overlapping among multiple trainings, meaning the performance towards different settings was more centered
with less differences. The PPO was the most centered in the shallowed area, indicating the best robustness to the changes of learning
rates. This was because PPO directly optimized the policy, i.e., the probability distribution of actions under current state, rather than
estimating all the values of current state to choose the best action in value-based methods. Also, Generalized Advantage Estimation
(GAE) in PPO enabled the critic network updated efficiently. These features helped PPO being robust to a relatively wider range of
learning rates. The A3C algorithm, while achieving the best control performance at the optimal learning rate, was highly sensitive to
the learning rate variation as the A3C explored the state space through multiple parallel working threads, each independently updating
its gradients. Facing varying learning rates, the different threads may update the global network in different directions and therefore
cause the fluctuations.

4.3. Control performance of RL algorithms

In this section, one week of control performance results is presented using different RL algorithms in a hot summer week (19th
—25th of July). Fig. 10 shows the comparison of the rewards obtained by different RL control strategies and the baseline control in the
week. The baseline control computed its reward at each timestep using the same reward function (i.e., Eq. (15)). As shown in Fig. 10,
all model-free algorithms achieved a relatively better and stable control performance against the Gnu-RL. The Gnu-RL used imitation
learning to save 150 episodes of training samples. It is worthy of noting that the RL controllers were capable of switching on the air-
conditioning system ahead of occupied time to pre-cool the indoor spaces for a better control performance, i.e., cumulative rewards.
Although this would result in decrease in the reward during non-occupied time, it could be compensated and further improved by
subsequent system operation under occupied periods.

70
60

50

Training Data / Episodes

40-
30-
20
10
0
Gnu A3C DQN
Algorithm

Fig. 8. Training data demand for the convergence of RL algorithms.
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Fig. 10. Rewards per time step for different algorithms during a hot summer week.

To provide a better analysis of the model-based Gnu-RL algorithm, Fig. 11 shows its control behavior during the first week of
testing. The Gnu-RL was a precocious RL agent without a training process, leading to a lower reward at the first two days of taking over
building controls due to the overshooting of the RL agent. The Gnu-RL agent took around two days to learn to track the indoor
temperature setpoint as well as the baseline controller through the online update. On the contrast, in Fig. 6, the model-free RL agents
(DQN, DDQN and PPO) were around 10 episodes of training to achieve similar control performance, which was approximately
equivalent to 900 days. Gnu-RL therefore traded training performance to reduce the amount of training data required.

Figs. 12 and 13 show the energy consumption and the Predicted Percentage of Dissatisfaction (PPD) in the building using different
control strategies. The model-free agents had a good performance in reducing the energy consumption, especially during days with a
relatively higher outdoor temperature (21st July, 22nd July and 25th July). The DDQN and PPO controllers had a better performance
in reducing energy consumption. During hotter days (21st July and 22nd July), the indoor comfort level of the baseline controller and
Gnu-RL agent fluctuated obviously and the model-free algorithms consistently maintained the PPD below 7.5 %. Fig. 14 illustrates the
average indoor air temperature for each control strategy. On 20th July and 21st July, the baseline control strategy experienced indoor
temperatures above the setpoint at the start of operation with a small peak. This does not happen with RL-based strategies, as they
preemptively turned on the HVAC system to prevent overheating when occupants arrived, thus avoiding the temperature overshoot
observed with baseline strategies.

Figs. 15 and 16 present supply air temperature and air flow rate delivered to the building. The baseline controller maintained the
supply air temperature around 15 °C, while model-free RL agents maintained it within the range of 18-20 °C. The Gnu-RL agent
continuously changed the outlet air temperature setpoint based on the current state. Additionally, the A3C algorithm exhibited more
frequent but minor fluctuations in both curves, possibly due to noise added to the policy to encourage exploration or the characteristic
of the algorithm’s multiple threads asynchronously updating, where different threads may learn different strategies.

Table 5 showed the total rewards of five implemented algorithms compared to the baseline in the testing. The results demonstrate
that all five RL algorithms could make significant improvements over baseline control. Within the model-free algorithms, A3C

12
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Fig. 14. Mean indoor temperature using different control strategies during a hot summer week.

performed the best, followed by PPO, DDQN, and DQN. The Gnu-RL, due to its characteristics, made significant progress in reducing
the demand for training data with achieving satisfactory control performance.

5. Conclusion

In addressing control challenges within Heating, Ventilation, and Air Conditioning systems, this study has embarked on a
comprehensive exploration of the application and performance of both model-based and model-free reinforcement learning algorithms
considering model availability and policy representation. The results underscore the considerable potential of RL techniques in HVAC
control, specifically in energy conservation and enhancing indoor comfort. The characteristics and control performance of each al-
gorithm are demonstrated and discussed.
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Table 5

Total rewards of control performance using different control strategies.
Control strategy Baseline DQN DDQN PPO A3C Gnu-RL
HVAC energy consumption 18.02 GJ 16.19 GJ 1591 GJ 15.79 GJ 16.06 GJ 17.51 GJ
PPD during occupied time 11.17 % 6.90 % 6.83 % 6.83 % 6.80 % 8.94 %
Cumulative reward 5761.87 5878.99 5886.41 5889.37 5892.25 5819.62

The Gym-Eplus framework was selected to train and test RL algorithms, including Deep Q-Network (DQN), Double Deep Q-Network
(DDQN), Proximal Policy Optimization (PPO), Asynchronous Advantage Actor-Critic (A3C) and model-based Gnu-RL. The results
showed that the oscillations during training in DDQN ended approximately 10 episodes earlier than in DQN, and target network could
effectively reduce the training data. PPO algorithm successfully accelerated and stabilized training convergence by applying clipping
mechanism to the objective function, showing best robustness to different hyperparameters. A3C algorithm exhibited a best rapid and
stable convergence due to the superiority of asynchronous updates, but extra work for hyperparameter tuning and monitoring at the
start of the training was needed to ensure the performance.

During the testing period, model-free and model-based RL agents could outperform the baseline control in thermal comfort and
energy consumption. Model-based RL could perform as well as the baseline controller within two days of implementation, whereas
model-free algorithms required simulation data equivalent to 900 days for training to achieve similar results. The RL-based controllers
could learn the strategy of switching on the air conditioning earlier than the building operation time, indicating that RL algorithms
were able to sacrifice short-term gains to obtain greater long-term rewards for a robust and adaptive control optimization.

One limitation of this study is that all deep reinforcement learning algorithms were trained and tested in a simulated environment.
Although the trained control policy has demonstrated a certain degree of adaptability to handle the variations between training and
testing models, the algorithms studied are required to test in real-world applications in the future. The study considered the model-
based Gnu-RL algorithm in comparison with model-free algorithms. Other types of model-based reinforcement learning frame-
works such as the Dyna and the AlphaZero are necessary to explore the control performance in buildings and analyze the difference
from other RL algorithms.

Nomenclature
HVAC Heating, Ventilation, and Air Conditioning
RBC Rule-Based Control
PID Proportional Integral Derivative
MPC Model Predictive Control
RL Reinforcement Learning
MDP Markov Decision Process
MFRL Model-free Reinforcement Learning

(continued on next page)
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(continued)
PG Policy Gradient
AC Actor-Critic
DQN Deep Q-Network
PMV Predicted Mean Vote
DDQN Double Deep Q-Network
VRF Variable Refrigerant Flow
PPO Proximal Policy Optimization
TRPO Trust Region Policy Optimization
A3C Asynchronous Advantage Actor-Critic
DDPG Deep Deterministic Policy Gradient
MBRL Model-based Reinforcement Learning
MCTS Monte Carlo Tree Search
SAC Soft Actor-Critic
VAV Variable Air Volume
TD Temporal Difference
GAE Generalized Advantage Estimation
MSE Mean Squared Error
PPD Predicted Percentage of Dissatisfied
BCVTB Building Controls Virtual Test Bed
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