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Reinforcement Learning Building
Control: An Online Approach
with Guided Exploration using
Surrogate Models

The incorporation of emerging technologies, including solar photovoltaics, electric ve-
hicles, battery energy storage, smart devices, internet-of-things (IoT) devices, and sensors
in buildings, desirable control objectives are becoming increasingly complex, calling for
advanced controls approaches. Reinforcement learning (RL) is a powerful method for this.
RL can adapt and learn from environmental interaction, but it can take a long time to learn
and can be unstable initially due to limited environmental knowledge. In our research,
we propose an online RL approach for buildings that uses data-driven surrogate models
to guide the RL agent during its early training. This helps the controller learn faster and
more stably than the traditional direct plug-and-learn online learning approach. In this
research, we propose an online approach in buildings with RL where, with the help of
data-driven surrogate models, the RL agent is guided during its early exploratory training
stage, aiding the controller to learn a near-optimal policy faster and exhibiting more stable
training progress than a traditional direct plug-and-learn online learning RL approach.
The agents are assisted in their learning and action with information gained from the
surrogate models generating multiple artificial trajectories starting from the current state.
The research presented an exploration of various surrogate model-assisted training meth-
ods and revealed that models focusing on artificial trajectories around rule-based controls
yielded the most stable performance. In contrast, models employing random exploration
with a one-step look-ahead approach demonstrated superior overall performance.
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Nomenclature

EV = Electric vehicle
PID = Proportional integrative derivative

RBC = Rule based control
RLC = Reinforcement learning control
MPC = Model predictive control
IAQ = Indoor air quality
IoT = Internet of things
ML = Machine learning
IAQ = Planck constant

MDP = Markov decision process
NLP = Natural language processing
ANN = Artificial neural network
DNN = Deep neural network

ACTB = Advanced Controls Test Bed
ELM = Extreme learning machine
RTU = Roof top unit
A3C = Asynchronous Advantage Actor Critic
LTI = Linear time invariant
PV = Photovoltaic

DQN = Deep Q-Network
SAC = Soft actor-critic
KPI = Key performance indicator

AHU = Air handling unit
DDPG = Deep-deterministic-policy-gradient
HVAC = Heating, ventilation and air conditioning
AHU = Air handling unit
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1 Introduction

Effective building control is becoming increasingly important
in the management and operation of building energy systems. Its
key functions include ensuring comfortable and healthy indoor en-
vironments and minimizing operational energy costs. Globally,
building operations contribute to approximately 30% of primary
energy usage and 28% of greenhouse gas emissions. In the United
States, these figures are even higher, with buildings accounting for
39% of primary energy use and 30% of greenhouse gas emissions
[1–3]. Traditionally, building controllers were designed to balance
energy consumption while maintaining healthy and comfortable
indoor conditions. However, the emergence of new technologies
like Internet of Things (IoT) devices, sensors, on-site renewable
energy sources, energy storage, and electric vehicle (EV) charg-
ing stations necessitates advanced control systems. These novel
control systems are expected to manage multiple objectives, such
as energy efficiency, grid requirements, indoor air quality (IAQ),
occupant preferences, and others, while also reducing energy use
and carbon emissions and minimizing thermal discomfort [4,5].

There are several control approaches that have been utilized in
the domain of building controls. The most popular and widely
applied method is rule-based controls (RBC) based on condi-
tional logic and heuristic rules developed by controls engineers
and building operators. In rule based controls, the controls rely
on predetermined set points, and a local control loop, such as
a proportional-integrative-derivative (PID) loop, is used to main-
tain these set points. Heuristic controls are readily available, with
ASHRAE Guideline 36 providing valuable recommendations on
their use. However, these strategies, based on preset rules and
heuristics, may not deliver near-optimal performance due to their
lack of adaptability to specific building types, geographical lo-
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cations, and fluctuating weather conditions. These controllers
are moreover deficient in accounting for predicted data, such as
weather forecasts, price signals, demand limiting signals and oc-
cupancy schedules. As a result, traditional controllers often fall
short of optimal performance [6]. Furthermore, developing an ef-
ficient rule-based controller demands significant engineering time
and expertise for calibration and performance tracking, especially
to achieve objectives such as energy conservation and enhanced
thermal comfort. Conventional building controls thus have limited
use in performing multi-objective optimization and are unable to
handle the growing needs of handling these added complexities.

Alternative to RBC, advanced control strategies, including
model predictive control (MPC) can perform multi-objective opti-
mization by considering future information, but they require exten-
sive engineering effort for model development to accurately rep-
resent the thermal dynamics of the building energy systems [7].
Additionally, commercial buildings are by nature unique, and thus,
developing custom models for each and every building would be
very labor-intensive and therefore not feasible. Thus, MPC, despite
its potential, has yet to be widely adopted in the building industry
[8]. Thus we shift the focus on RL approaches as they can learn
in a model-free fashion.

This paper is structured to ensure a thorough understanding of
the subject. Initially, it presents a brief overview of reinforcement
learning (RL), setting the stage for in-depth discussions. Following
this, the study examines the machine learning (ML) models that
are crucial to the development of surrogate models. These sur-
rogate models are essential in enhancing the RL training process.
The research further explores existing literature on the application
of RL in building control, specifically focusing on the aspects of
training duration and effort, making the reader appreciate the need
to address the learning capabilities of RL to improve its potential
of becoming practical in a real-world setting. It then proceeds to
investigate various methodologies adopted in this study, leading to
an analysis of the findings.

2 Reinforcement Learning
Reinforcement learning is a form of goal-driven learning to de-

rive sequential decisions from its interaction with an environment.
It can learn model-free and aims to maximize the long-term cu-
mulative rewards it attains from the environment [9]. RL can be
formulated as a Markov decision process (MDP), which makes it
possible to apply a variety of algorithms to solve RL problems to
find an optimal policy 𝜋 in an environment. The MDP in RL can
be formulated by the tuple (𝑆, 𝐴, 𝑆′, 𝑟, 𝛾, 𝑃) where 𝑆 is the current
state of the environment, 𝐴 is the control action, 𝑆′ is the next state,
𝑟 is the reward from the environment, 𝛾 is a factor within [0,1] that
determines the trade-off between long term and short term goals
of the RL controller and 𝑃 is the transitional probability of the
environment. RL has shown remarkable success in performing
complex tasks like playing Atari 2600 video games [10] and the
game of Go [11] at a human expert level, found success in fields
like autonomous vehicles [12–14], robotic applications [15,16] and
natural language processing (NLP) like ChatGPT [17].

In contrast to MPC, RL offers a compelling alternative by learn-
ing optimal actions through repeated interactions and continually
refining its control policy. RL’s adaptability to changing dynamics
is a significant advantage. Despite of these benefits, RL faces chal-
lenges such as lengthy training periods and initial instability. The
training duration can vary widely, from a few weeks [18] to up to
40 years [19], depending on the complexity of the building control
problem. In practical scenarios, such extended training times and
the associated discomfort and energy inefficiencies during early
learning phases are untenable for control engineers and building
occupants.

The aim of this research is to tackle the challenges of lengthy
learning periods and early-stage instability that hinder RL’s prac-
tical implementation and broad adoption. This study focuses on
developing strategies to enhance sample efficiency and accelerate

the learning process of an RL agent in real-time applications. A
novel approach proposed here involves supplementing RL training
with surrogate models derived from supervised ML techniques.
These models assist the RL agent in its learning journey, reduc-
ing the likelihood of making evidently undesirable choices in the
early stages of training. Examples of such undesirable actions
might include increasing power consumption during a period of
demand limitation or excessive heating/cooling during times when
the building is unoccupied. This research seeks to streamline the
learning process, making RL a more viable option for efficient and
effective building control.

The next section provides a general introduction to ML along
with the relevant ML techniques used for the surrogate models.
The details of the use of the surrogate models and the approaches
are mentioned later in Section 4.1.

3 Machine Learning Models

3.0.1 Random Forest. Random forests [20] are an ensemble
learning method that combines multiple decision trees [21] to cre-
ate a more accurate and robust prediction model. Decision trees
are simple models that split the data into subsets based on the value
of a single feature at each node and then predict the outcome based
on the majority class in each subset. While decision trees are easy
to interpret and implement, they tend to overfit the training data,
which leads to poor generalization performance on unseen data.

Random forests overcome the limitations of decision trees by
generating a large number of trees and introducing randomness in
two ways: by selecting random subsets of the data for each tree
and by randomly selecting a subset of the features at each node.
This randomness creates diversity among the trees, which reduces
the correlation among their predictions and improves their collec-
tive performance. We use a random forest model to predict the
temperature and whole building power response from the building
data.

3.0.2 Artificial Neural Network. An artificial neural network
is a function whose mathematical model is inspired by the neurons
of the brain. An artificial neural network (ANN) consists of the
connections of an input layer, a hidden layer or layers, and an output
layer. Each layer consists of several units called neurons. A node
in an ANN receives inputs from other nodes, processes the input,
and produces an output through an activation function. The nodes
are interconnected by weights and biases, which can be adjusted
by the training process to determine the strength of the signal of
individual nodes. The combination of the signal outputs of all
the nodes results in the overall behavior of the ANN. The training
process involves adjusting the parameters (weights and biases of
nodes) of the ANN to reduce a loss function between the prediction
outputs from the network and the observations coming from actual
data. The parameters are usually updated with a gradient descent
algorithm. There are several types of ANN, but in this study, we
are only concerned with deep neural networks (DNN).

Deep neural networks (DNN) [22] is a form of ANN where there
are multiple hidden layers where each layer processes the output of
the previous layer. They have proven to be highly effective in many
complex problems. The multiple layers allow for the representa-
tion of more complex, abstract relationships in the data, enabling
to modeling of non-linear relationships effectively between the in-
put and the output variables. They can automatically learn useful
features from raw data without requiring much pre-processing and
feature engineering from large high-dimensional data spaces. The
availability of computational resources has influenced and popu-
larized the use of DNNs as they showcased their success in various
implementations. Although they are successful in regression ap-
plications, the challenge lies in the interpretability of the model
and overfitting. We use the DNN to predict the reward function 𝑟

from the building data.
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4 Review of Past Work
The purpose of the literature review is to highlight the issue of

the training time needed for the RL agent to learn a near-optimal
solution. There are mainly three types of literature available with
RL applications on building controls: i) online learning: where
the agent learns the optimal strategy while the system is controlled
actively; ii) pre-training: an offline pre-training setup with a sur-
rogate model (physics-based or data-driven), before it is deployed
in a real building or environment and finally iii) transfer learning:
this is where a trained agent is been applied to a similar environ-
ment. The drawback with online learning is that it is not possible to
implement it in a real-world application due to exploratory and un-
stable behavior as well as long training times. The challenge with
offline learning is that it still requires a considerable amount of data
to build an accurate representation of the building environment. In
transfer learning, an RL agent needs to be trained before it can be
deployed to a similar environment and most of the literature takes
training from one of the mentioned approaches (online or offline)
and analyzes the adaptability of the agent in the new environment.
Thus, the practicality of using transfer learning still depends on ad-
dressing the training issues faced by online and offline approaches
in buildings and thus we have mainly shown literature on RL ap-
plications on building controls with offline and online approaches.
The purpose of the literature is mainly to showcase the training
time and method required by the RL agent to learn a near-optical
policy in a building environment. We have highlighted the training
times in bold in the paragraphs below to showcase the issue of the
long training times faced.

Henze et al. [23] were early adaptors in applying model-free
reinforcement learning (RL) to building energy systems utilizing
a tabular Q-learning [24] algorithm to manage a thermal energy
storage system. The RL agent needed 200 weeks and 900 weeks
of training data to match the performance of traditional control
strategies under time-of-use pricing and real-time pricing schemes,
respectively but couldn’t surpass model predictive control methods.
In further research, Liu et al. [25,26] with 6000 days of emulator
training for managing temperature setpoints and energy storage
was unable to outperform conventional strategies, facing challenges
like emulator-reality mismatches and slow feedback from real data
and increase in complexity with discretization of state and action
space.Dalamagkidis et al. [27] using a temporal-difference (TD)
RL algorithm [28] required four years of training data to match
the performance of a conventional rule-based controller to maintain
thermal comfort.

Advancements in computational resources, deep learning, and
reinforcement learning (RL) algorithms have enabled research on
applying deep RL to building energy systems. Yang et al.[29]
with a batch deep Q-learning [30] agent took three years of data
to surpass the rule-based controller. Li and Xia in [31] was able
to get a good policy 26 weeks of training data. Costanzo et al.
[32] used a model-assisted training with extreme learning machines
(ELM), achieving a good policy with 20 days of interaction. Wei
et al. [33] applied a deep RLC with 100 months of training
data of summer days on an EnergyPlus model, outperforming
the rule-based policy with a energy savings range from 5% to
70%. Li et al. [34] utilized a deep-deterministic-policy-gradient
(DDPG) [35] achieving 11% energy savings trained on one year
of simulation data generated from random control policy from
EnergyPlus simulation. [36] using a Deep Q-Network (DQN) agent
required five years of data inclusive of one month’s data of random
control actions, and two months’ data of rule-based policy, with
the rest of the days trained in an on-policy fashion to achieve a
good policy.

The following sections reports literature that uses some hybrid
learning methods where a surrogate model is used to assist with the
RL training. Chen et. al [37] adapted a differential MPC method
from [38]. A policy is generated from the MPC problem of a lin-
ear model whose system dynamics are determined simultaneously
from the historical rule-based data of 20 days. This policy is

then imitated by the RL agent and fine-tuned with online train-
ing. Although it effectively reduced the online training time and
improved performance over the existing policy before online inter-
action, the challenge lies in determining an accurate linear model
of a real building with a very limited data set of rule-based data
that does not explore the state space.

Zou et al. [39] utilized LSTM models trained on one year
of building data to improve deep RLC training with a DDPG
agent. They achieved a 30% reduction in energy consumption
while maintaining a 10% dissatisfaction rate. Costanzo et al. [40]
employed model-assisted batch reinforcement learning (MABRL)
with fitted Q iteration, utilizing multiple instances of single-layer,
single-output extreme learning machine (ELM) models to predict
temperature changes. The agent achieved a decent policy in 10 days
and approached 90% of mathematical optimality within 20 days.
Arroyo et al. [41] integrated RL with MPC, leveraging the RL
agent’s value function in the MPC controller’s objective. Despite
improved performance, accurate model development remains cru-
cial and challenging, particularly with limited data from rule-based
strategies. They utilized 4 weeks of data for model development,
facing difficulties due to insufficient excitation in rule-based build-
ing operational data.

The majority of the research on RL applications on building
controls focuses on the final performance of the RL agent with an
online or offline approach. There is a lack of research on address-
ing challenges of long, unstable initial training time and the model
required to train the agent. Few papers including [37,40–42] try
to address the learning speed of the RL agent, while [37,41] uses
a combined RL-MPC approach which brings in both the positives
along with the negatives of both worlds of MPC and RL. The re-
search extends on the concepts presented in [40,42], comparing
several model-assisted data-driven online learning approaches ad-
dressing the learning challenges as mentioned before.

4.1 Approach and its Novelty. This work presents an alter-
native data-driven method to address the practical issues faced
with RL applications. The advantage of RL over other control
approaches is its ability to learn purely from environmental data
from its control actions. This is particularly appealing in building
energy management systems as building systems are very varied,
and thus, customized accurate models are not feasible to make for
every building to set up an optimization problem. RLC, despite of
its model-free advantages, suffers from long training times, sample
inefficiency, and unstable early exploratory behavior which makes
it difficult for a plug-and-play approach. Most of the existing liter-
ature on RL on building applications uses simplified models with
simple objectives, showcasing the performance gain at the end of
training on the same simulated model. However, these simplified
models are not representative of real-world settings, nor can they
afford the long training times with full exploration.

The model development requires months of engineering effort,
time, and money to accurately model a building system using vari-
ous system identification techniques, most commonly being a linear
time-invariant (LTI) metamodel. But over time, the building sys-
tem dynamics may change, requiring redevelopment of the building
model. Here, we envision an approach where the RL interacts and
learns directly from the building environment in an online fashion,
addressing the common problems of the pure online and offline
mentioned above, assisted with data-driven surrogate models. The
issue of long training wait times and unstable behavior in online
training, as well as the development of accurate models for of-
fline training, can be avoided with this approach. The surrogate
models are built off the data gathered from the RL interaction. Al-
though these models are inaccurate in the beginning, as they are
built on a very limited dataset, they assist the RL in guiding them
towards better decisions and preventing unnecessary and repeated
high-penalty actions, when compared to a pure online approach.

We use state-of-the-art deep machine learning techniques in
place of traditional system identification methods for our surrogate
model development. Deep learning techniques serve as a versatile
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approach for mapping nonlinear complex relationships from inputs
to outputs without knowing the underlying system dynamics. Deep
learning can handle large amounts of data without needing manual
feature selection processes, making it suitable for a wider range
of applications in relation to traditional system identification pro-
cesses at the cost of requiring high computation [43]. We utilize
the deep-learning model to predict the rewards and a random forest
model for the building temperature response and the whole build-
ing power consumption. The surrogate models are used to analyze
the consequences of taking some sequence of actions in the vicinity
of the rule-based actions in the future and use that information to
assist the agent in converging to a near-optimal policy faster than
the traditional approach.

5 Reinforcement Learning Algorithm Used
In reinforcement learning (RL), a policy refers to a strategy or a

set of rules that an agent uses to make decisions in an environment
and is essentially a mapping between states and actions. One of
the main challenges in reinforcement learning is the exploration-
exploitation trade-off: the agent must explore enough to discover
a good policy, but also exploit that policy once it has been discov-
ered to maximize reward. Here, we use the soft actor-critic (SAC)
algorithm as the controller agent because it has shown success in
many continuous control tasks and exhibits a good exploration-
exploration tradeoff. One way that SAC addresses this challenge
is by incorporating an entropy term in its value function SAC
also incorporates a soft-Q policy which modifies the traditional
Q-function to include the entropy term, thus aiming to maximize
a trade-off between expected return and entropy. This encourages
the agent to explore a wider range of actions and can help prevent
premature convergence to suboptimal policies.

The core objective of SAC is to maximize the expected sum of
rewards augmented by entropy. The objective function for a policy
𝜋 is given below in Equation 1 by:

𝐽 (𝜋) = E(𝑠𝑡 ,𝑎𝑡 )∼𝜌𝜋

[︄ ∞∑︂
𝑡=0

𝛾𝑡 (𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼H(𝜋(·|𝑠𝑡 )))
]︄

(1)

where:
• 𝑟 (𝑠𝑡 , 𝑎𝑡 ) is the reward received after taking action 𝑎𝑡 in state
𝑠𝑡 .

• 𝛾 is the discount factor.
• 𝛼 is the temperature parameter that scales the importance

of the entropy term, effectively controlling the trade-off be-
tween exploration and exploitation.

• H(𝜋(·|𝑠𝑡 )) is the entropy of policy 𝜋 at state 𝑠𝑡 , promot-
ing exploration by penalizing low-entropy policies, and is
mathematically quantified as −E𝑎∼𝜋 ( · |𝑠) [log 𝜋(𝑎 |𝑠)].

• 𝜌𝜋 denotes the state-action distribution under policy 𝜋.
SAC employs two Q-networks, 𝑄𝜙1 (𝑠, 𝑎) and 𝑄𝜙2 (𝑠, 𝑎), with

parameters 𝜙1 and 𝜙2, respectively. These networks estimate the
return (sum of future rewards) from taking an action 𝑎 in state
𝑠 and following the policy thereafter. Using two Q-networks
helps in reducing the overestimation bias of the Q-values.The Q-
functions are updated to minimize the mean squared Bellman error
(MSBE). The target 𝑦(𝑟𝑡 , 𝑠𝑡+1) for the Q-function update is given
by 𝑟𝑡 + 𝛾

(︂
min𝑖=1,2 𝑄𝜙′

𝑖
(𝑠𝑡+1, 𝑎𝑡+1) − 𝛼 log 𝜋𝜃 (𝑎𝑡+1 |𝑠𝑡+1)

)︂
, where

𝑄𝜙′
𝑖

represents the target Q-networks which are periodically up-
dated with the weights of the Q-networks to stabilize training. The
policy is updated by minimizing the following objective:

𝐽 (𝜋) = E𝑠𝑡∼𝜌𝜋 ,𝑎𝑡∼𝜋
[︁
𝛼 log(𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )) −𝑄𝜙 (𝑠𝑡 , 𝑎𝑡 )

]︁
(2)

Sample inefficiency is a common concern in RL where it refers
to a situation in which a learning algorithm requires a large num-
ber of training examples or interactions with the environment to

achieve satisfactory performance or policy convergence. One of
the key advantages of SAC is its sample efficiency. Compared to
other popular reinforcement learning algorithms, such as DQN and
actor-critic (A3C), SAC is able to learn policies for continuous con-
trol tasks using far fewer samples. This is particularly important in
real-world applications, where the cost of collecting samples can
be high. We refer the reader to [44] for in-depth details about SAC.

6 Building Framework Used
In this research, an open-source building performance simula-

tion test bed, the Advanced Controls Test Bed (ACTB) [45] is uti-
lized. This allows the user to utilize a high-fidelity building Spawn
of EnergyPlus (SoEP) model, which combines an envelope model
in EnergyPlus with the equation-based HVAC components written
in the Modelica language. The RL agent utilizes the OpenAI Gym
interface of the ACTB for the RLC training and evaluation. Both
supervisory set-point and low-level controls can be implemented in
the ACTB with a controller written in any language. The controls
of the HVAC systems in the ACTB implement ASHRAE Guideline
36 when not overridden with an external controller script. A solar
PV and battery model are also incorporated, the details of which
are described below.

6.1 Implementation. This work demonstrates the use of var-
ious approaches of harnessing surrogate models to steer the initial
exploration process. We have implemented two surrogate models
in this guided exploration approach: 1) Building-centric surrogate
model (𝑀𝐵) and 2) Reward-centric surrogate models (𝑀𝑅). The
building-centric model (𝑀𝐵) predicts the temperature response of
the detailed SoEP building model as well as the whole building
power. The building-centric models help to determine the sub-
sequent state, which is necessary to compute the rewards via the
reward-centric model 𝑀𝑅 . Figure 1 explains the approach. These
surrogate models are constantly updated with fresh data generated
from online RL interactions. We keep the training episodes of
all the approaches to 60 episodes (approximately two months of
training time), where each episode is a day. We detail the diverse
strategies that we investigated below:

6.1.1 Approach 1: Baseline Case with Pure RL. This ap-
proach presents the baseline scenario of utilizing pure reinforce-
ment learning training without the help of any surrogate models.
The model starts with no prior knowledge nor is it being guided
by the surrogate models in its early stages. The learning pro-
cess is reliant fully on an exploration of the environment in real-
time. This scenario serves as the benchmark case against which
other approaches are compared, particularly in terms of unstable
exploratory behavior during a fixed training time and the end per-
formance at the end of this training period. We will refer to this
approach as 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1.

6.1.2 Approach 2: Short-Term Guidance with Surrogate
Model Exploration. This approach begins with a guided strategy,
wherein surrogate models are employed to generate artificial paths
and ascertain which actions yield the most favorable outcomes.
We produce 𝑛 artificial roll-outs of 𝑡 time-steps from the current
state and time. We select the first action 𝑎𝑔𝑢𝑖𝑑 , which leads to
the least penalty-objective of

∑︁
𝑡 𝑟 (𝑠, 𝑎)𝑡 . The executed action is

𝑎𝑒𝑥𝑒 = 𝛽1𝑎𝑔𝑢𝑖𝑑 + 𝛽2𝑎𝑅𝐿 , which is a weighted action between
the guided action from the surrogate models and the action from
the RL agent. The weighted action helps to control the reliance
of the guided action. During the artificial path generation from
the current state, we use a modified action for artificial exploration
given by 𝛽1𝑎

𝑒𝑥𝑝 + 𝛽2𝑎
𝑅𝐿 , where 0 ≤ 𝛽1, 𝛽2 ≤ 1, 𝛽1 + 𝛽2 = 1 and

𝑎𝑒𝑥𝑝 is a random action. We keep 𝛽1 at a value of 0.95 at the start
and reduce it gradually to 0 in 30 episodes of training with 𝑛 = 50
samples.
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Fig. 1 Online Learning with guided exploration

A high initial value of 𝛽1 is chosen to encourage more explo-
ration of the state space in an artificial manner, especially when
the RL agent is at its nascent stage of learning. A low value of 𝛽1
in the later stages keeps the exploration near the RL agent’s policy
and artificially explores the environment in a constrained manner
to find a better policy. In Approach 2, the short-term guidance
uses only a roll-out of one-time step with 𝑡 = 1. We continue
normal direct training after 30 episodes with no guidance from the
surrogate models. This approach will be referred to as 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,2 .

6.1.3 Approach 3: Short-Term and Long-Term Guidance with
Surrogate Model Exploration. This approach is similar to the pre-
vious approach for the first episodes of training but after 20
episodes, we generate artificial samples with roll-outs of 𝑡 = 2
from the current state from episodes 20 to 30; 𝑡 = 3 from episodes
30 to 60. Here, we also train the agent on the artificial trajecto-
ries generated from the surrogate models. This approach will be
referred as 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,3 .

6.1.4 Approach 4: Short-Term and Long-Term Guidance with
Surrogate Model Exploration around Rule-Based Actions. The
fourth approach uses rule-based control strategies to curtail ex-
ploration where the agent’s actions are overridden with rule-based
control actions with a probability of 70% from episode 1, reduced
gradually to 2% in and after episode 20. Here, artificial trajectories
are generated, and the RL agent is trained on these artificial trajec-
tories at every step. The artificial trajectories are generated around
a rule-based policy such that 𝑎𝑎𝑟𝑡 = 𝑎𝑅𝐵𝐶 +𝜎 where 𝑎𝑅𝐵𝐶 is the
rule-based action, 𝜎 is a noise parameter sampled from a uniform
distribution 𝑈 (−0.1, 0.1). We commence with roll-outs of 𝑡 = 1
from the current state from episodes 1 to 20; 𝑡 = 3 from episodes
20 to 30; 𝑡 = 6 from episodes 30 to 40, and 𝑡 = 12 from episodes
40 to 60. This approach will be referred to as 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 . We in-
crease the time frame in the later episodes as the surrogate models
are inaccurate in the early stages.

6.1.5 Approach 5: Imitation Learning. This approach em-
ploys imitation learning, as detailed in [46]. In this case, the
actor-network is trained in a supervisory fashion to imitate the
actions of the supervisory rule-based actions. Artificial data is

generated in the tuple form of (𝑆𝑅𝐿 ,𝑎) where 𝑎 is the correspond-
ing rule-based action for the state 𝑆𝑅𝐿 . The data is generated so
that it covers the state-space uniformly with sufficient data points.
Then, we perform a supervised learning with the policy network of
the SAC RL agent to mimic the rule-based policy given the state
𝑆𝑅𝐿 . This helps the RLC agent start by following the rule-based
policy and prevent potentially harmful exploratory actions in the
early training phases. We generated data equivalent to 600 days of
data for the imitation learning training. The supervisory training is
stopped until it achieves an accuracy of 95% on the validation data,
where the generated policy is within ± 0.2 ◦C. This is essentially a
supervisory training, where the actor NN is trained to map certain
states to actions which are the rule-base controls set-point.

An artificial dataset is created following rule-based actions to
train the policy network of the RL agent. The policy network
of the agent is trained on this artificial dataset to mimic the rule-
based actions. The artificial dataset essentially consists of tuples of
states and their corresponding rule-based action. Then, supervisory
training is conducted to map the states to the rule-based actions.
The artificial dataset generated consisted of two years of data. The
training of the policy network is kept on hold for the first five
days of interaction, and only the value networks are trained. This
approach will be referred to as 𝐴𝑔𝐼𝑚𝑖𝑡

𝑅𝐿,5.

6.1.6 Approach 6: Combined Short-Term Guidance and Imi-
tation Learning approach. In this approach the RL agent is taught
to imitate the rule-based actions beforehand as it is with the previ-
ous case but is assisted with the surrogate model. This approach
is very similar to the approach 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,2 (6.1.2), where the artificial
trajectories are generated with 𝛽1𝑎

𝑒𝑥𝑝 + 𝛽2𝑎
𝑅𝐿 , but here action

𝑎𝑅𝐿 from the RL agent starts with the imitated rule-based pol-
icy, and thus the trajectories are developed around the rule-based
policy. The difference between this approach with Approach 4 is
that although the exploration of the artificial trajectories is around
the rule-based controls, here the agent is primed itself to follow
the imitated policy whereas in 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,2 , the agent is trained on the
artificial trajectories around the rule-based policy. This approach
will be referred to as 𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 .
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7 Experimental Design
7.1 Environmental Setup. Supervisory set-point control is a

common control approach for building systems world where its se-
quence of operation can affect the indoor environmental conditions,
energy consumption, and electric demand of the building.

The building model used here is Spawn model of the U.S. De-
partment of Energy’s (DOE) Reference Small Office Building [47],
which is composed of four perimeter zones and one core zone in a
single story with a floor-to-ceiling height of 3 m. The floor area of
the building is 511 𝑚2 and the building is located in Chicago. The
HVAC systems of this building consist of a constant air volume
AHU composed of a gas-fired heating coil, a single-stage direct
expansion cooling coil, an outside air damper without an econo-
mizer, and a constant volume fan. The five thermal zones are each
supplied by a packaged rooftop unit (RTU).

The southern roof and the northern roof have solar PV cells
installed. The pitch angle of the southern and the northern roof is
46% with an area of 150 𝑚2, while the area of the east and west
roofs has an area of 101.9 𝑚2 with a pitch angle of 18.6◦. We
assume that 95% of south, east, and west are covered with solar
PV cells, which amounts to 143 𝑚2 of solar PV panels on the north
roof and 97 𝑚2 each on the east and west roof. Each module has
an area of 1.7 𝑚2 leading to a total of 84 modules in the PV panel,
each on the south wall and north wall, and 59 modules each on
the east and west PV panel. There are also 300 modules of PV
installed on car port that contribute to the PV generation.

The demand response (DR) events occur randomly between 2:30
PM and 4:00 PM and can last for a duration between 1.5 and 3.5
hours. The DR event type is a demand limiting program, where the
demand limit is set to be 20 kW. The peak whole building power is
found to be 80 kW during the afternoon hours. The demand limit
is determined from the peak.

The specification of the batteries is based on the Tesla Power-
Wall with an energy capacity of 13.5 kWh; we utilize six Tesla
PowerWall batteries which make up a total storage capacity of 81
kWh.

7.2 States Considered for RL agent. The states 𝑆𝑅𝐿 consid-
ered for the feedback of the RL agent are:

• 𝑇𝑧𝑖 : Mean zone temperature of all the zones in the building.
• 𝑡ℎ: Current time in hours.
• 𝑇𝑂𝐴0 : Current outside air temperature.
• 𝑇𝑂𝐴1 : Forecasted outside air temperature in 1 hour.
• 𝐻𝐺𝑙𝑜0 : Current horizontal global irradiation.
• 𝐻𝐺𝑙𝑜1 : Forecasted horizontal global irradiation in 1 hour.
• 𝐷𝑅𝑐𝑛𝑡 : A countdown time signal from the start of the DR

event which is notified 4 hours ahead of the DR start time,
and returns zero during other times of the day.

• 𝐷𝑅𝑐𝑢𝑟𝑟 : A binary signal indicating if the current time falls
in the DR event for the day. This returns 1 during a DR
event, returns the duration of the expected DR event 4 hours
before the start of the DR time, and zero during the other
times of the day.

• 𝐵𝑆𝑂𝐶 : Current state-of-charge of the battery.

7.3 Actions Considered for RL Agent. The action vector
𝐴𝑅𝐿 of the RL agent is [𝑇 𝑠𝑝

𝑧𝑖
, 𝑏𝑎], which is described below:

• Supervisory Setpoint (𝑇 𝑠𝑝

𝑧𝑖
): This is the supervisory tem-

perature set-point action passed to all the zones in the build-
ings. The agent outputs a value between -1 and 1, which is
scaled to a supervisory set-point temperature between 15◦C
and 30◦C.

• Battery Action (𝑏𝑎): The battery control action 𝑏𝑎 operates
within the range of [−1, 1]. This control action determines

Fig. 2 Diagram showing different control modes of the bat-
tery with grid, solar PV, and building

either the charging demand (when 𝑏𝑎 > 0) or the discharg-
ing demand (when 𝑏𝑎 ≥ 0). The charging demand from
a single battery is given by 𝑏𝑎𝐵

𝑐ℎ𝑎
𝑚𝑎𝑥 while the discharging

demand is given by 𝑏𝑎𝐵
𝑑𝑖𝑠𝑐
𝑚𝑎𝑥 , where 𝐵𝑐ℎ𝑎

𝑚𝑎𝑥 and 𝐵𝑑𝑖𝑠𝑐
𝑚𝑎𝑥 are

the maximum charging and discharging capacity of a single
battery respectively.The charging and the discharging modes
of the battery are explained below:

The following highlights the working of the two modes of the
battery - the discharging and the charging state.

• Discharging Condition [𝑏𝑎 ∈ [-1,0)]: In this condition, the
PV production is first utilized to meet the building loads.
The discharging power is used to meet the remaining build-
ing loads. If PV production and the power discharged from
the battery meet the total building load, the remaining power
is sold to the grid. In the case that the PV production and the
discharged power from the battery fail to meet the building
load, the remaining power is taken from the grid.

• Charging Condition [𝑏𝑎 ∈ [0,1]]: In this condition, the bat-
tery first charges from the PV production and the grid. First,
the PV production is utilized to meet the battery charging de-
mand, and if this PV production is greater than the battery
charging demand, the rest is utilized to meet the building
loads. If the PV production is less than the battery charging
demand the remaining battery demand and the building load
are met from the grid. Any available PV production during
this time step is first used to meet the building loads. If the
available PV production is greater than the building load, the
rest is curtailed. The battery cannot charge and discharge
at the same time. These different modes of operation, as
mentioned above are explained in the Figure. 2.

7.4 Rule-based Control Strategies (Baseline Control).
• The supervisory set-point action has bounds between 15◦C

and 30◦C and can take any setpoint within this bound at the
control time-step of 5 minutes.

• The supervisory temperature control strategy follows the
lower thermal comfort bound as mentioned in Section 7.5,
except for the conditions mentioned below.
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• The supervisory temperature control strategy follows the up-
per thermal comfort bound one hour before the start of the
DR event to preheat the building before the DR event.

• The battery (𝑏𝑎) is charged at its full capacity rate two hours
before the DR event.

• The battery (𝑏𝑎) is discharged at its full capacity during the
DR event.

• During the DR event if the charge of the battery is depleted,
the temperature supervisory setpoint is reduced by 1◦C.

7.5 Reward Formulation. The reward formulation is ex-
pressed in Equation 3. Each zonal controller receives rewards
coming from the thermal discomfort and energy consumption of
its zone controlled and the power penalty of the whole building.
The reward penalties are monetized to a price-based objective. The
price for thermal discomfort is based on the assumption of a desk
job salary in Chicago and its relation to the reduced productivity
of the employees. This means the penalty for thermal comfort in
the building is proportional to the occupancy of the zones. The
thermal comfort bound is between 21◦C and 24◦C during the oc-
cupied hours of 6:00 a.m. to 10:00 p.m and 15◦C and 30◦C during
the remaining unoccupied hours of the day.

Since the building is an office building with white-collar jobs,
the average salary of the employees was considered to be slightly
higher than the average Chicago salary of $74,000/year [48]. Here,
the salary was assumed to be $80,000/year which roughly rounded
up to $40/hr. From [49], it was assumed for a 1◦C temperature
rise, the productivity decreases by 2%. This resulted in a thermal
discomfort cost of $0.8/Kh. The average cost for commercial elec-
tricity is taken to be $0.0405/kWh [50] and the demand charge was
taken to be $7.89 per kW of demand limit violation observed for
each five-minute interval.

When the key performance indicators (KPI) are converted to
price-based penalties, the thermal discomfort price is much higher
when compared to the energy price. Thus, the 𝑤𝑖 weights are
included in the penalty objective to scale the price-based penalties
into values, such that each KPI have similar importance in the
objective function. The weights 𝑤𝑖 are negative as these are penalty
costs that the agent aims to minimize.

𝑟 = 𝑝𝑑𝑖𝑠𝑐𝑇𝑑𝑖𝑠𝑐𝑜𝑐𝑐 + 𝑝𝑒𝐸𝑁𝑒𝑡 + 𝑝𝑑𝑟 (𝑃 − 𝑃𝑡 ) (3)

where:

𝑇𝑑𝑖𝑠𝑐 = Thermal discomfort penalty per time step [Kh]
𝐸𝑁𝑒𝑡 = Net energy consumption per time step [kWh]

𝑃 = Average power per step [kW]
𝑃𝑡 = Power threshold during DR Event [kW]

𝑝𝑑𝑖𝑠𝑐 = Price for thermal discomfort [$/Kh]
𝑝𝑒 = Linear hyper-parameter for power penalty [$/kWh]

𝑝𝑑𝑟 = Demand charge [$/kW]
𝑜𝑐𝑐 = Occupancy [1]

(4)

Zone 𝑖 controller receives the reward based on the thermal dis-
comfort and energy consumption of Zone 𝑖, but shares the power
penalty term of the whole building. The power threshold 𝑃𝑡 during
the DR event is taken to be 20 kW.

7.6 Surrogate Models.

7.6.1 Building-Centric Surrogate Model States (𝑆𝐵). The in-
put states considered for the surrogate model 𝑀𝐵 are:

• 𝑇 𝑡−1
𝑧𝑖

: Mean zone temperature of all the zones in the build-
ing, one-time step (𝑡 − 1) back.

• 𝑇 𝑡
𝑧𝑖

: Mean zone temperature of all the zones in the building
at the current time step 𝑡.

• 𝑡ℎ: Current time in hours.
• 𝑇 𝑡

𝑂𝐴
: Outside air temperature at current time step 𝑡.

• 𝐻𝑡
𝐺𝑙𝑜

: Forecasted outside air temperature in next time step.
• 𝑎𝑠𝑝 : The supervisory set-point temperature action.

The output prediction of the surrogate model are:

• Δ𝑇 : Change in mean zone temperature during the current
time step

• 𝑃: Whole building power demand

7.6.2 Reward-Centric Surrogate Model States. The reward-
centric surrogate model has a DNN implementation with 9 input
states and 1 output state to predict the reward function. The input
states considered for the surrogate model 𝑀𝑅 are:

• 𝑇 𝑡
𝑧𝑖

: Mean zone temperature of all the zones in the building
at current time step 𝑡.

• 𝑡ℎ: Current time in hours.

• 𝑇 𝑡
𝑂𝐴

: Outside air temperature at current time step 𝑡.

• 𝐻𝑡
𝐺𝑙𝑜

: Forecasted solar radiation at current time step 𝑡.

• 𝐷𝑅𝑐𝑛𝑡 : Countdown time signal in hours from the start of
the DR event as mentioned in Section 7.3.

• 𝐷𝑅𝑐𝑢𝑟𝑟 : Binary indicator if the current time lies in a DR
event as mentioned in Section 7.3.

• 𝑇
𝑠𝑝

𝑧𝑖
: Supervisory temperature set-point control action as

mentioned in Section 7.3.

• 𝑏𝑎: Control action of the battery mentioned in Section 7.3.

The output prediction of the surrogate model is:

• 𝑟: The rewards for landing in the current state due to the
control action taken in the previous step.

We name the state for the building-centric surrogate model 𝑆𝑅
such as 𝑆𝑅 = [𝑇 𝑡

𝑧𝑖
, 𝑡ℎ, 𝑇

𝑡
𝑂𝐴

, 𝐻𝑡
𝐺𝑙𝑜

, 𝐷𝑅𝑐𝑛𝑡 , 𝐷𝑅𝑐𝑢𝑟𝑟 , 𝑇
𝑠𝑝

𝑧𝑖
, 𝑏𝑎]. All

the states were normalized into a continuous value between 0 and
1 except for the control states 𝑇𝑠𝑝 , where the normalization is done
between -1 and 1.

Table 1 Neural network structure

Layers Shape Activation

𝑀𝑅

input (9,-) tanh
hidden 1 (1200,-) tanh
hidden 2 (1800,-) relu
hidden 3 (2000,-) relu
hidden 4 (1800,-) linear
hidden 5 (1800,-) linear
output (1) linear

8 Results
The training progress of the different approaches is shown in

Figure 12. In Figure 12, the lines are representative of the 10-
day mean cost incurred from episodes 1 to 60. The red-dotted
line is the direct RL approach 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1, which does not use any
guidance from the surrogate models and serves as the baseline
case. 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1 without any guidance incurs high costs in the early
episodes as it explores the environment. Approaches 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 and

Journal of Engineering for Sustainable
Buildings and Cities

PREPRINT FOR REVIEW / 7



𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑
𝑅𝐿,6 had better training progress as it incurs lower costs

in the early stages and have more or less the same cost with the
direct training approach 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1 during the middle and end of the
training period. Figure 12 shows that most of the approaches are
successful in preventing high penalties in the early stages of training
but may incur slightly higher costs than the baseline case during
the middle of the training, as we see 𝐴𝑔𝐼𝑚𝑖𝑡

𝑅𝐿,5 incur a slightly higher
cost from the period of 15 to 35 training episodes. However, none
of the surrogate model approaches incur as high costs as the direct
approach in the period from 1-15 episodes, which proves that the
model-assisted methods have improved the training efficiency of
RL compared to the baseline case 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1 which does not use any
guidance from the surrogate models.

There are two types of imitation learning approaches used in the
research which are shown in the bottom plot of Figure 12. The
pure imitation approach 𝐴𝑔𝐼𝑚𝑖𝑡

𝑅𝐿,5 although has lower initial costs
performs poorly during the mid-training period. The combined
imitation and guided approach 𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 avoids this poor mid-
training behavior. All the model-assisted approaches avoid taking
disastrous action repeatedly once it has encountered the negative
consequence of a particular action in a similar state 𝑠.

Figure 4 demonstrates the early performance of the RL agent
𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1 in the early stages of training with no guidance provided
from the surrogate models. The top plot displays the mean temper-
ature across five zones, with the minimum and maximum temper-
atures illustrated in light blue colors and the supervisory control
set-point marked by red-dotted lines. The second plot highlights
the whole building power, depicted in red, and the net-building
power in green. The third plot portrays the power sold back to
the grid as well as the available PV generation from installed so-
lar panels. The fourth plot showcases the battery’s charging and
discharging demand along with the state of charge of the battery,
expressed in kWh.

Figures 6 and 7 shows the performance of the agent at the begin-
ning and the end of the agent 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 . It can be seen, compared
to the first-day performance of 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1, that the agent’s erratic be-
havior is significantly reduced as the agent’s actions are overridden
with a higher probability with the rule-based actions. This can
also be seen with 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,2 in Figure 5, where the agent’s perfor-
mance in the first episode is reasonable. With feedback from the
environment, limited exploration, and also training on artificial ex-
ploration around rule-based control actions, the agent learns some
of the expected behavior of keeping the temperature between the
comfort bounds, reducing power consumption during the DR event,
charging the battery before the expected DR event and discharg-
ing it during the DR event within a span of 2 months of training
interaction.

Figures 8 and 9 show the performance of the agent at the begin-
ning and the end of the agent 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,6 . Since instead of the actions
being overridden with a rule-based policy and the RL agent starts
with the rule-based imitated, it displays a better performance than
the approach 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,4.
Figures 11 and 10 present the performance of agents 𝐴𝑔𝐷𝑖𝑟

𝑅𝐿,1
and 𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 on test days, following the completion of the
60-day training period. The illustrations indicate that the con-
troller has learned to maintain the temperature within comfortable
boundaries. Furthermore, it has learned to charge the battery prior
to demand response events and discharge it during these events. In
instances where the battery is depleted during a DR event, the con-
troller has learned to adjust the supervisory set-point downwards
to reduce the heating power demand. In doing so, it accepts some
thermal discomfort costs to avoid the higher costs associated with
the excessive demand charges. From the figures, we can conclude
that the agent still needs to learn to lower the setpoint during the
unoccupied hours during the later part of the day from 10 PM to
12 midnight. As the agent has been trained for a fixed duration, it

is essential for it to engage in additional interactions with the en-
vironment in order to acquire a closer-to-optimal policy, which is
evident from all the figures at the end of the training performance.

The performance of the approaches on unseen test days is pre-
sented in Table 2, which highlights the costs incurred for each
objective like energy consumed and sold from the grid, thermal
discomfort, and demand response in dollar amount.

Fig. 3 RL agent AgDi r
RL,1 performance during the initial ex-

ploration stage on first training day

Fig. 4 RL agent AgDi r
RL,1 performance at end of training

9 Discussions and Conclusions
This work showcases a data-driven approach featuring an RLC

agent in building energy applications, suggesting potential for real-
world implementation in a building where an RL agent is directly
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Fig. 5 RL agent AgGui d
RL,2 performance on first training day

Fig. 6 RL agent AgGui d
RL,4 performance on first training day

controlling and learning in an online fashion. It sidesteps the con-
ventional methods of linear dynamic system identification, which
demand substantial effort in data collection, constructing, and val-
idating models from limited data sets. Each building is unique,
and thus, a solution developed for one building may not be appli-
cable to other buildings, thus making optimization a challenging
problem in relation to buildings.

This research leverages state-of-the-art machine learning regres-
sion techniques to learn the system dynamics and reward function
in an online fashion, which is then utilized to reduce the training
time and exploratory behavior of the RLC applications in build-
ings. Along with several machine learning techniques, we also
use simple domain knowledge in the form of rule-based control
strategies that the approaches utilized in the initial stages and then

Fig. 7 RL agent AgGui d
RL,4 performance at end of training

Fig. 8 RL agent Ag Imi t+Gui d
RL,6 performance on first training

day

modify these strategies with further interaction from the real build-
ing. These strategies aid in reducing the early exploratory behavior
of the agent as well as training times. The surrogate models assist
in reducing the probability of taking actions that lead to higher
costs. This is due to the fact that the surrogate models learn the
reward functions more rapidly than the RL agent learns the value
functions of the states of the optimal policy. The surrogate mod-
els are then utilized to generate some artificial trajectories and
their subsequent returns from the environment for each trajectory.
Once the agent has encountered a high penalty 𝑟 (𝑠𝑝 , 𝑎𝑝) by taking
action 𝑎𝑝 in a particular state 𝑠𝑝 , the artificial exploration with
the surrogate models will try to avoid a similar state-action pair,
i.e., (𝑠, 𝑎) ∼ (𝑠𝑝 , 𝑎𝑝). The models serve as an effective deterrent
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Fig. 9 RL agentAg Imi t+Gui d
RL,6 performance at end of training

Fig. 10 Performance of the RL agent Ag Imi t+Gui d
RL,6 on a test

day, after end of training

against high-penalty actions when suggested by the RL agent and
override it to an alternative better control strategy until the RL
agent has a better estimate of the value functions.

We presented several systematic studies of different approaches
aimed at reducing the probability of selecting exploratory actions
for the early stages of learning for the RL controller. The com-
bination of imitation learning and short-term guided exploration
(𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 ) performed the best, as one can see in the training
progress plot of Figure 12. The combination of imitation learning
and the surrogate model approach helps to explore the environ-
ment artificially and nudge the policy towards a better control pol-
icy without making bad decisions repeatedly. This improves the
training stability of the approach while significantly reducing high-

Fig. 11 Performance of RL agent AgDi r
RL,1 on a test day, after

the training period

Table 2 Comparison of Results after training

Approach 𝐸 𝐸𝑠𝑜𝑙𝑑 𝑇𝑑𝑖𝑠𝑐 𝐷𝑅 𝑇𝑜𝑡[$]

𝐴𝑔𝑅𝐵𝐶 58.2 26.2 93 1559.8 1652.7

𝐴𝑔𝐷𝑖𝑟
𝑅𝐿,1 78.4 24.9 608.7 321.1 983.2

𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,2 78.8 28.3 683.7 179.1 913.2

𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,3 87.6 28.0 166.3 4369.6 4595.5

𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,4 86.0 28.4 763.3 278.6 1099.5

𝐴𝑔𝐼𝑚𝑖𝑡
𝑅𝐿,5 71.8 23.2 4.4 1265.6 1318.6

𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑
𝑅𝐿,6 77.9 42.3 898.4 146.2 1080.1

1 𝐸 : Energy consumption costs; 𝐸𝑠𝑜𝑙𝑑 : Energy sold.
2 𝐷𝑅: Demand response costs
3 𝑇𝑑𝑖𝑠𝑐: Thermal discomfort costs
4 𝐴𝑔: Controller agent
5 𝐷𝑖𝑟: Direct training approach with no guidance
6 𝑂 𝑓 𝑓 : Offline training approach
7 𝐼𝑚𝑖𝑡: Imitation learning approach
8 𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑: Combined imitation learning and guided learn-

ing approach
9 𝑇𝑜𝑡: Total penalty cost

penalty actions during the early stage. However, the performance
of this approach depends on the quality of the surrogate models
used for the guidance.

The pure imitation learning approach 𝐴𝑔𝐼𝑚𝑖𝑡
𝑅𝐿,5 exhibited poor

performance during the middle section of the training period as
the agent was not guided by any surrogate models. The agent had
to learn the negative consequences in an interactive fashion with a
real building environment rather than exploring and learning it in
an artificial manner with the help of the surrogate models. This is
why 𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 performs better than 𝐴𝑔𝐼𝑚𝑖𝑡
𝑅𝐿,5 during the training
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Fig. 12 Training progress of the different approaches adopted

period and is also more stable in its learning progress as shown
in Figure 12. There is a rebound effect in the imitation learning
approach as the agent blindly follows the rule-based control, and
this is addressed with the guided surrogate model approach in
Approach 𝐴𝑔𝐼𝑚𝑖𝑡+𝐺𝑢𝑖𝑑

𝑅𝐿,6 .

Approaches 𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,3 and 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 are being trained on data gen-
erated from the artificial trajectories. Trajectories generated around
rule-based controls in 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 had better prediction as rule-based
data were already gathered from the interaction in this approach,
whereas in approach 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,3 , the artificial trajectories were gen-
erated randomly which had imperfect predictions. That is why,
approach 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 had better performance than approach 𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,3 .

Training on artificial and imperfect predictions from the trajecto-
ries generated by surrogate models yielded unsatisfactory training
and testing performances with 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,3 . 𝐴𝑔𝐺𝑢𝑖𝑑
𝑅𝐿,3 performed worst

as the trajectories generated were fully random, and training on
full random exploratory paths with imperfect predictions led to in-
correct value estimates and prevented the agent from navigating
toward the optimal action. Poor estimation of thermal behavior
and reward functions with the surrogate building model and re-
ward model, respectively, in the early stages leads to poor training
behavior and harms the learning progress of the RL agent.

Limiting the exploration around a rule-based control strategy
by controlling action paths within a certain bound led to better
performance, as is evident from 𝐴𝑔𝐺𝑢𝑖𝑑

𝑅𝐿,4 . We consider the rule-
based actions to be the “safe" actions, and sticking to the rule-based
actions preferentially in the early stages led to better estimation of
the system and reward dynamics around the rule-based controls
action space by the surrogate models. This led the RL agent to
slowly nudge its policy away from the rule-based policy, where
it expects better policy rewards, instead of shifting rapidly to an
unseen state space, where it may have erroneous value estimates.

10 Future Work and Limitations

In order to further improve the efficacy of surrogate model train-
ing in future studies, a key focus should be on refining hyper-
parameter settings. Conducting a systematic analysis to examine
the impact of varying the number of generated sample trajectories,
adjusting the look-ahead time, and optimizing the process for cre-
ating a lookup table that correlates states and actions with rewards,
would be particularly useful. It is important to acknowledge the
computational demands of this approach, as they significantly influ-
ence decisions regarding the extent of trajectory rollouts and the ex-
ploration depth at each step. However, utilizing high-performance
computing (HPC) systems could enable the exploration of broader
state spaces and more extended trajectories, potentially yielding
improved outcomes, as evidenced by this research.

To fully identify the extent of performance enhancements attain-
able through expanded state space exploration, further research is
required to define the upper limits of these improvements. Over-
all, continued investigation into hyper-parameter settings and ex-
ploration of state spaces will be crucial to further optimizing the
surrogate model training process and achieving even better results
in the future.

It is important to note that this approach is only applicable to
off-policy learning algorithmsOff-policy learning algorithms are
capable of learning and improving upon a policy that is different
from the policy driving it’s current action choices. Surrogate mod-
els help in creating the data from the rule-based policy which is
different from the existing policy of the RL agent that is interact-
ing with the building systems. Nonetheless, utilizing building data
in combination with surrogate models could be highly beneficial,
potentially improving the performance and efficiency of the learn-
ing process. Future research could investigate the effectiveness of
this approach in greater detail, exploring different weights for the
short-term guided policy and further refining the learning process.
Here we assumed that we have no prior building data to start with,
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and the agent starts without any knowledge with the assistance of
the surrogate models. Having building data at the initial stages
will be quite beneficial and the same approaches can be utilized
with less constraints on the artificial exploration process with the
surrogate models.

The success of the guided exploration approach depends on
short-term feedback rather than value functions that can capture the
long-term consequences of the action. As a result, this approach
may not be suitable for systems with very slow dynamics or those
in which the response to a control action occurs delayed by several
time steps later. In the context of building systems, the guided
exploration approach may not be effective if shorter time-steps are
taken, such as 30 seconds or one minute. In such scenarios, the
time delay between control actions and their effect on the system
may be too long to provide meaningful short-term feedback for the
surrogate models. On the other hand, longer control-time steps of
five to ten minutes are preferred, as they allow for a more sen-
sible response to the control action executed in the building. In
summary, the guided exploration approach may not be suitable for
building systems with very short time steps, but can be effective
when longer control-time steps are utilized, i.e., the approach is
recommended when the dominant time constant of the system is
shorter than the control time step.
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