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A review of reinforcement learning methodologies on control systems for building
energy
Mengjie Hana, Xingxing Zhanga, Liguo Xub, Ross Maya, Song Panc, Jinshun Wuc

Abstract:
The usage of energy directly leads to a great amount of consumption of the non-renewable
fossil resources. Exploiting fossil resources energy can influence both climate and health via
ineluctable emissions. Raising awareness, choosing alternative energy and developing energy
efficient equipment contributes to reducing the demand for fossil resources energy, but the
implementation of them usually takes a long time. Since building energy amounts to around
one-third of global energy consumption, and systems in buildings, e.g. HVAC, can be intervened
by individual building management, advanced and reliable control techniques for buildings are
expected to have a substantial contribution to reducing global energy consumptions. Among
those control techniques, the model-free, data-driven reinforcement learning method seems
distinctive and applicable. The success of the reinforcement learning method in many artificial
intelligence applications has brought us an explicit indication of implementing the method on
building energy control. Fruitful algorithms complement each other and guarantee the quality
of the optimisation. As a central brain of smart building automation systems, the control
technique directly affects the performance of buildings. However, the examination of previous
works based on reinforcement learning methodologies are not available and, moreover, how
the algorithms can be developed is still vague. Therefore, this paper briefly analyses the
empirical applications from the methodology point of view and proposes the future research
direction.
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Nomenclature
ANN
artificial neural network
BCS
building control system
FL
Fuzzy logic
FQI
fitted Q-iteration
HVAC
heating, ventilation, and air
conditioning
JAL
extended joint action learning
MACS
multi-agent control system
MAS
multi-agent system
MARL
multi-agent reinforcement learning
MDPs
Markov decision processes
Notations
𝑡
discrete time steps
𝑆𝑡
state at time 𝑡 stochastically
set of states
𝒮
𝐴𝑡
action at time 𝑡, stochastically
𝒜
set of actions
𝑅𝑡
reward at time 𝑡, stochastically
ℛ
set of rewards
𝜋
policy
𝛾
discount parameter
𝜆
trace-decay parameter
𝑠, 𝑠′
States
𝑎
action
reward
𝑟
𝑞(𝑠, 𝑎; 𝐰) mapping rule for the q-function
𝑞̂(𝑠, 𝑎; 𝐰) estimate of the q-function

MPC
PCM
PI
PID
PMV
PSO
RL
RLS
TD
TES
VI

model predictive control
phase change material
policy iteration
proportional-integral-derivative
predictive mean vote
particle swarm optimization
reinforcement learning
recursive least-squares
temporal difference
thermal energy storage
value iteration

𝐰
|{𝑠, 𝑎}|
𝜋(𝑎|𝑠)
𝑣𝜋 (𝑠)
𝑞𝜋 (𝑠, 𝑎)
𝑝(𝑠 ′ |𝑠, 𝑎)
𝑟(𝑠, 𝑎)
𝑣∗ (𝑠)
𝑞∗ (𝑠, 𝑎)
𝛱𝑖
𝜖
𝑄(𝑆, 𝐴)
𝛼, 𝛽
𝜋𝜃 (𝑠|𝑎; 𝜽)

weight vector
number of state-action pairs
prob. of taking action 𝑎 in state 𝑠
state-value function
action-value function
transition prob.
expected reward
optimal state-value function
optimal action-value function
policy set for multi-agent
prob. of selecting random actions
approx. of 𝑞(𝑠, 𝑎) from data
step size parameter
parametrized policy
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Introduction
Building energy consumption amounts to around 30%-40% of all energies consumed in
both developed and developing countries [1-4]. The tendency of power demand is still
increasing. Therefore, not only does this increase the operating cost of energy consumption, it
also induces growing emissions of greenhouse gases. Since buildings are also responsible for
one-third of global energy-related greenhouse gas emissions [5], efficient strategies for
reducing the consumption of building energy are indispensable in the future.
The building design and management systems are direct key factors that affect building
energy. The design of building relates to population growth, climate change, and resource
consumption trends that remain critical for future building development [6]. It is a difficult task
to find better design alternatives satisfying several conflicting criteria, especially, economic and
environmental performance [7]. Compared to the design of building, the building management
system or building control system (BCS), which generally refers to centralised and integrated
hardware and software networks [8], considers the improvement of energy utilisation
efficiency, energy cost reduction, and renewable energy technology utilisation in order to serve
local energy loads [9]. The diversity of control methods enables the BCS to be further developed
in wider disciplines.
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For buildings, around 80% of used energy comes from heating, ventilation, and air
conditioning (HVAC) systems, lighting, and equipment (appliances) [2]. Moreover, the
occupants’ factors, e.g. human comfort and window opening, also have substantial impacts on
energy consumptions. Therefore, control strategies regarding both devices and human factors
have become the main target in BCSs.
Review works [8,10-15] have extensively summarised and compared conventional
methods and applications for control strategies (see also Section 3). For almost all of them, a
building model or optimisation model is required. An accurate model representation is a
necessity for finding efficient and robust control strategies to reducing energy consumption.
For complex building systems, the performance of the models becomes inferior to those wellestablished models in simpler systems. As an alternative solution, model-free control
techniques are able to work independently without having the knowledge for specific models.
Nevertheless, they have not drawn much attention in empirical studies.
A recently realised Markov property based machine learning method, reinforcement
learning (RL), can work in both model-based and model-free environments [16]. However, it is
the classic model-free learning algorithms, such as Q-learning and 𝑇𝐷(𝜆), that make RL much
more attractive and efficient in artificial intelligence applications [17-21]. The efforts made on
solving deep RL problems, e.g. [22,23], open up the possibility of working on continuous large
datasets. The distinctive property of RL is that the learner or agent, via trial-and-error paradigm,
can make optimal actions without having a supervisor, which essentially fits the goal of a control
problem. For BCSs, performances of using RL have not been analysed from the methodological
point of view and the indication for future tasks is still unclear. Therefore, the aim of this paper
is to methodologically review the empirical works on how RL methods have implemented
energy control for buildings, and provide instructive directions for future research.
The contributions of this paper are threefold. Firstly, this paper provides a comprehensive
understanding of how RL works for building energy. Secondly, we identify the current research
gap and propose future research from the methodology point of view. Thirdly, we summarise
the application of RL on building energy in the multi-agent context.
In the second section of this paper, we briefly introduce the philosophy of RL and its
corresponding algorithms. In Section 3 we examine the conventional control methods used on
building energy. Section 4 and 5 then analyse the current publications for both single agent and
multi-agent systems. Finally, section 6 concludes the findings and proposes research directions.
2

The reinforcement learning method
The idea of reinforcement learning originated from the term “optimal control” which
emerged in the late 1950s, where a problem was formulated by designing a controller to
minimise a measure of the behavior of a system over time [24,25]. Bellman [26] came up with
the concept of Markov decision processes (MDPs) or finite MDPs, a fundamental theory of RL,
to formulate optimal control problems.
The learner or agent of RL learns how to map situations to actions to maximise a numerical
delayed reward signal. It does not have to have a “teacher” telling it how to take an action but,
rather, makes decisions via implementing trial-and-error search, and recognizing the delayed
4

reward from the environment that the agent interacts with [24,25]. RL is neither supervised
learning nor unsupervised learning, it is a third category of machine learning. Whereas
supervised learning gets signals of correct actions, RL gets signals from the reward of an action
without knowing if the action was correct or not. RL, in a sense, is the core of machine learning
techniques. In the context of artificial intelligence, RL allows the agent to automatically
determine behaviors, which cannot be achieved by supervised learning or unsupervised
learning.
2.1

Elements of reinforcement learning and MDPs

2.1.1 Elements
In a dynamic sequential decision-making process, the state 𝑆𝑡 ∈ 𝒮 refers to a specific
condition of the environment at discrete time steps 𝑡 = 0,1, …. By realising and responding to
the environment, the agent chooses a deterministic or stochastic action 𝐴𝑡 ∈ 𝒜 that tries to
maximise future returns and receives an instant reward 𝑅𝑡+1 ∈ ℛ as the agent transfers to the
new state 𝑆𝑡+1. The reward is usually represented by a quantitative measurement. A sequence
of state, action and reward is generated to form an MDP (Fig. 1 [24,25]).

Fig. 1 The interaction between agent and environment in an MDP

2.1.2 Markov decision processes
The Markov property tells us that the future is independent of the past and depends only
on the present. In Fig. 1, 𝑆𝑡 and 𝑅𝑡 are the outcomes after taking an action and are considered
as random variables. Thus, the joint probability density function for 𝑆𝑡 and 𝑅𝑡 is defined by:
𝑝(𝑠 ′ , 𝑟|𝑠, 𝑎) = ℙ[𝑆𝑡 = 𝑠 ′ , 𝑅𝑡 = 𝑟| 𝑆𝑡−1 = 𝑠, 𝐴𝑡−1 = 𝑎],

(1)

where 𝑠, 𝑠′ ∈ 𝒮, 𝑟 ∈ ℛ and 𝑎 ∈ 𝒜. It can be seen from (1) that the distribution of state and
reward at time 𝑡 depends only on the state and action one step before. Eq. (1) implies the basic
rule of how the MDP works and one can easily determine the marginal transition probabilities
𝑝(𝑠 ′ |𝑠, 𝑎):
𝑝(𝑠 ′ |𝑠, 𝑎) = ℙ[𝑆𝑡 = 𝑠 ′ |𝑆𝑡−1 = 𝑠, 𝐴𝑡−1 = 𝑎] = ∑

𝑝(𝑠 ′ , 𝑟|𝑠, 𝑎).
𝑟∈ℛ

(2)

Eq (3) gives the expected reward by using the marginal distribution of 𝑅𝑡 :
𝑟(𝑠, 𝑎) = 𝔼[𝑅𝑡 |𝑆𝑡−1 = 𝑠, 𝐴𝑡−1 = 𝑎] = ∑
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𝑝(𝑠 ′ , 𝑟|𝑠, 𝑎).

𝑟∑
𝑟∈ℛ

𝑠′∈𝒮

(3)

Both Eq. (2) and (3) are used for solving the optimal value functions presented in Section 2.3.
2.2

Policies and value functions

A policy 𝜋 is a distribution over actions given states. It fully defines the behavior of an agent
by telling the agent how to act when it is in different states. The policy itself is stochastic [25]
and the probability of taking an action, 𝑎, in state 𝑠 is:
𝜋(𝑎|𝑠) = ℙ[𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠].

(4)

The policy can be considered as a function of actions. It acts either as a look-up table or in an
approximation form (see Section 4 for the discussion). The overall goal of RL is to find the
optimal policy given a state.
An optimal policy tries to maximise the expected future return from time 𝑡: 𝐺𝑡 = 𝑅𝑡+1 +
γ𝑅𝑡+2 + γ2 𝑅𝑡+3 + ⋯, where 0 ≤ γ ≤ 1 is the discount parameter. The state-value function,
𝑣𝜋 (𝑠), and the action-value function, 𝑞𝜋 (𝑠, 𝑎), are two useful measures in RL that can be
estimated from the data. The literature defines 𝑣𝜋 (𝑠), of an MDP, under policy 𝜋, as the
expectation of the return starting from state 𝑠:
∞

𝑣𝜋 (𝑠) = 𝔼𝜋 [𝐺𝑡 |𝑆𝑡 = 𝑠] = 𝔼𝜋 [∑ 𝛾 𝑘 𝑅𝑡+𝑘+1 |𝑆𝑡 = 𝑠] , 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑠 ∈ 𝒮.

(5)

𝑘=0

In practical applications, 𝑣𝜋 (𝑠) is more applicable for model-based problems, whereas the
action-value function, 𝑞𝜋 (𝑠, 𝑎), is more useful in the model-free context [25]. When the full
environment or the model is unknown, episodic simulations are often used to estimate
𝑞𝜋 (𝑠, 𝑎), that is, under policy 𝜋, the expectation of the return starting from state 𝑠 and taking
the action 𝑎:
𝑞𝜋 (𝑠, 𝑎) = 𝔼𝜋 [𝐺𝑡 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎]
∞

= 𝔼𝜋 [∑ 𝛾 𝑘 𝑅𝑡+𝑘+1 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] , 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑠 ∈ 𝒮 𝑎𝑛𝑑 𝑎 ∈ 𝒜.

(6)

𝑘=0

The task of finding the optimal policy, 𝜋∗ , is achieved by evaluating either the optimal statevalue function
𝑣∗ (𝑠) = max 𝑣𝜋 (𝑠),

(7)

𝑞∗ (𝑠, 𝑎) = max 𝑞𝜋 (𝑠, 𝑎).

(8)

𝜋

or the optimal action-value function
𝜋

2.3

Bellman optimality equation
The way of optimising Eq. (7) or (8) is to make use of the recursive relationships between
two states or actions in a sequential order. Since the procedures are similar, we only present
the relationship starting from the action-values, i.e. the Bellman optimality equation for
𝑞∗ (𝑠, 𝑎) [27].
The backup diagrams in Fig.2 [28] show relationships between the value function and a
state or state-action pairs. Fig. 2 (a) considers the optimal state-value function when taking an
action. The agent looks at each of the possible actions it might take and selects the action with
maximum action-value which tells the agent how good the state is. That is,
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𝑣∗ (𝑠) = max 𝑞∗ (𝑠, 𝑎).

(9)

𝑎

Similarly, Fig. 2 (b) evaluates the dynamic and stochastic environment when an action is taken.
Each of the states it ends up in has an optimal value. Thus, the optimal action-value counts the
immediate expected reward, 𝑟(𝑠, 𝑎), from Eq. (3), and a discounted optimal state-value:
𝑞∗ (𝑠, 𝑎) = 𝑟(𝑠, 𝑎) + 𝛾 ∑

𝑠′∈𝒮

𝑝(𝑠 ′ |𝑠, 𝑎)𝑣∗ (𝑠′).

(10)

Thus, as show in Fig. 2 (c), the Bellman optimality equation for 𝑞∗ (𝑠, 𝑎) is obtained by
substituting Eq. (9) in to Eq. (10):
𝑞∗ (𝑠, 𝑎) = 𝑟(𝑠, 𝑎) + 𝛾 ∑

𝑠′∈𝒮

𝑝(𝑠 ′ |𝑠, 𝑎) max 𝑞∗ (𝑠′, 𝑎′).
𝑎′

(11)

In a similar way, we can derive the Bellman optimality equation for 𝑣∗ (𝑠). Both of them are the
fundamental expressions for the MDPs. The recursive relationship assists in splitting the current
value function into the immediate reward and the value of the next action. The value iteration
and policy iteration algorithms, presented in Section 2.4, make use of the Bellman optimality
equations to reach optimal policies.

Fig. 2 Backup diagrams for the optimal value functions

2.4

Category of RL algorithms

In this subsection, we briefly summarise RL algorithms and relate works applied on building
energy controls (Section 4) to them. The purpose is to examine current research methods and
outline future work.
There are many categorisation methods for RL algorithms. In this paper, we investigate it
from two perspectives: the way of finding the optimal policy and whether or not the full model
is available [29].
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Table 1 Categorisation of RL algorithms

value iteration

model-based

model-free

Q-iteration [29]

Q-learning [30]

policy iteration policy evaluation for Q-functions [29] SARSA [31]
policy search

policy gradient [32]

greedy updates [33]

In Table 1, three ways, value iteration, policy iteration and policy search, and two model types
indicate a combination of six categories where we expect a variety of algorithms bringing
efficient solutions to real problems. Value iteration (VI) starts with a random value function and
updates to an improved value function in an iterative process until reaching the optimal value
function. The optimal policy is made based on the optimal value function. Policy iteration (PI)
or generalized policy iteration (GPI) evaluates policies by constructing their value functions and
uses these value functions to ﬁnd improved policies. An integration of VI and PI forms the valuebased methods. We further distinguish tabular method and approximation approach as two
different strategies for reaching the estimation of value functions for value based methods.
Policy search uses optimisation techniques to directly search for an optimal policy [29]. For a
model-based algorithm, the explicit model, e.g. 𝑝(𝑠 ′ , 𝑟|𝑠, 𝑎), is required, whereas this is not
needed for a model-free algorithm. The most representative algorithm for each of the modelfree category is given. Detailed illustrations are presented in Section 4.
3

Conventional control methods for building energy

Various studies have reviewed the classification of different control methods for building
energy [8,10-12,34,35]. Yu et al. [10] reviewed control techniques for thermal energy storage
(TES) that is integrated with buildings. Shaikh et al. [8] made a survey on the intelligent control
system for building energy and occupant’s comfort, whereas Dounis and Caraiscos [11] focused
on the agent-based control system. Aste et al. [12] summarised the model-based strategies for
building simulation, control and data analytics. The previous surveys provide a framework of
how the different methods relate to each other and the pros and cons of each. However, a
generic challenge of conventional methods lies in the difficulty of including all unknown
environmental factors in the models. Uncertainties of the environment may largely affect the
model accuracy and the consequent control quality. On the other hand, the model-free RL
technique on building controls has not drawn much attention and the performance of RL
algorithms has thus not been evaluated yet. Even though Royapoor et al. [34] realise that RL
methods are notable, a framework of implementations and explorations on efficient RL
methods needs to be systematically investigated and discussed.
Empirical studies classify control methods into classic control, hard control, soft control
and other control. In Fig. 3 [10,13], the RL control resides in the category of other control and
explicit applications are still rare in BCS.
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Fig. 3 The categorisation of control methods

3.1

Classic control
The classic control refers to the on-off control and proportional-integral-derivative (PID).
Since the on-off control is simple to implement, there are many drawbacks to it. The binary
dimension of the action space makes the controller unable to make decisions on multi-value
variables, e.g. temperature set point. Moreover, the on-off control forces a compromise
between good controls, long warm-up times and increased cost, in particular, the action
frequency is high.
The classical local-loop proportional-integral-derivative (PID) control is also easy to
implement and test. The task is to convert the error between the output signal and the input
signal to an action. PID describes how the error term is handled. The proportional (P) control
tries to get the system to reach the output signal as fast as possible, whereas the integral (I)
control tries to adjust the summation of errors in order to remove residual errors. The
derivative (D) control, on the other hand, tries to restrain the system from adjusting too quickly.
Such applications can be found in HVAC systems [36,37]. The tuning and auto-tuning methods
still need to be improved [38].
3.2

Hard control
The hard control, also known as hard computing [14], typically includes gain scheduling,
state feedback control, model predictive control (MPC), robust control, nonlinear control and
adaptive control [10,13,14].
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For a system with several operating points, the gain scheduling controller designs linear
controllers for each of those points and applies an interpolation strategy to obtain a global
control [39]. Bianchi et al. studied the control of wind energy conversion systems by using the
gain scheduling technique [39]. Moradi et al. applied gain scheduling to control both indoor
temperature and relative humidity, where the controller designed, based on feedback
linearisation shows a robust performance [40]. Controllers are used for determining the
operating region, which needs to be optimally tuned. An increasing number of controllers bring
heavy tuning burdens.
The state feedback control assumes the state of the system is available for measurements.
If the action of the control depends only on the values or external input, the control is said to
be a state feedback control [41]. An application can be seen for controlling boiler temperature
for hot water [42].
The optimal control techniques characterised by mathematical models have been
developed since the 1950s [10,43]. An objective function of minimum energy consumption,
maximum thermal comfort or maximum saving is usually defined and an optimisation problem
arises to be solved. A dynamic optimisation technique is applied on cooling systems to
determine the maximum savings [44]; Henze et al. applied an optimal controller for thermal
energy storage systems to minimise the cost of operating a cooling plant [45]. Non-linear
optimal controllers have also been developed on HVAC systems [46]. For real-time controls,
however, the system is usually too complex and thus requires a lot of computing effort.
The MPC has three elements: predictive models, an objective function, and a control law
[10,47]. For building energy controls, two typical objectives are energy consumption and cost.
A recent work comprehensively reviewed the artificial neural network (ANN) based MPC for
HVAC systems [48]. Ma et al. [49] applied an economic MPC in reducing energy demand cost
for a building HVAC by solving a min-max linear programming problem. Cole et al. [50] studied
the optimal precooling strategy to reduce the peak energy consumption from air conditioning.
The study of occupancy recognition developed an automatic HVAC control system [51]. Ascione
et al. [52] considered a multi-objective MPC for cost-optimal building design. Even though there
is much room to increase model performance, complex model specifications usually bring
heavy computations.
The robust control methodology takes care of time-varying model uncertainty and the
nonlinearities associated with the system [14,53]. For building applications, for example, a
multiple-input-multiple-output robust controller has been applied on HVAC systems [54] and a
linear time-invariant model has been applied to an air heating plant [55].
Nonlinear control methods are usually developed through feedback linearisation and gain
scheduling approaches [56,57]. Applications on air-handling units aim to reduce the operation
through controlling the air-conditioner [56], whereas a study of Variable Air Volume Air
Conditioning focuses on reducing the building energy consumption [57]. The adaptive control
is considered as a specific type of nonlinear control, where the controller can modify its
behavior in response to changes in the dynamics of the process and the character of the
disturbances [58]. Different from robust control, adaptive control does not require an
unchanged control law. Adaptive control is examined, for example, in HVAC systems [59,60].
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3.3

Soft control
The soft control refers to ANN control, fuzzy logic control and other evolutionary
techniques [15]. ANN is a data-driven approach that learns optimal weights in a nonlinear
model to minimize the errors between the estimated data and the target data. The structure
for studying direct thermal comfort control is set up by specifying the error between reference
comfort index predictive mean vote (PMV) and feedback PMV as input [61]. In Fig. 4 [10,61],
the output value sends the control signal to the HVAC system to form measured data. The
network is trained until convergence. Similar works have been extended by applying powerful
computing techniques [62,63], whereas a study on control of air-cooled chiller condenser fans
applies clustering ANNs [64].

Fig. 4 ANN controller for an HVAC system

Fuzzy logic (FL) control tries to represent human knowledge and reasoning in the form of
membership functions and rules to make useful inference actions for the control. The FL control
does not require an exact mathematical model of the control process. [15,65]. In many practical
HVAC applications, FL fused with ANN shows more effective control [66-68].
4

Applications and overview of publications

Compared to the conventional methods presented in Section 3, the RL technique is still
not well developed for building energy control and potential space for exploring the use of RL
is large. This can be seen in three ways. First, the shortage of scientific research publications
prevents building users, building managers, device controllers, energy agencies, governments
and other related parties from being aware of the neglected technique. Despite a number of
early studies focusing on controlling HVAC or photovoltaic devices [69-72], an integration with
explicit building prototypes has not been comprehensively examined. Second, existing
publications (Table 2) primarily try to learn optimal policies for controlling the physical
components. The outcome indicating occupant behaviors, e.g. window opening and occupancy
rate, may need to be further considered. Third, the curse of dimensionality, the fact that the
number of state-action pairs grows exponentially with complex states and actions, is an
inherent problem. Approximate solution methods provide the possibility to overcome this.
However, deficient consideration of it hinders the development of solutions. Thus, the
11

necessity for investigating current studies and indicating future studies first requires an
overview (Table 2).
Unlike conventional control methods, RL does not require a model. A benefit of a modelfree approach is that it simplifies the problem when the system is complex. Different from
independent and identically distributed (i.i.d.) data that some conventional models need, the
RL agent receives subsequent reward signals from its actions. Another benefit is that the tradeoff between exploration and exploitation can be balanced. The agent can either exploit past
actions or explore unselected actions, which makes it flexible to control the learning process.
Furthermore, a rich class of learning algorithms fused with deep neural networks [73] provide
a potential for accurate estimation of value functions. Herein, subsections 4.1 and 4.2 illustrate
how tabular and approximate methods work on building models. Subsection 4.3 discusses the
policy-based algorithm.
Table 2 RL control for building energy

1
2

Year

Optimization objectives

States

Actions

2007
[74]

Energy consumption,
thermal comfort, indoor
air quality

Temp.1,
humidity, CO2
concentration

Heat pump
setting, air
ventilation,
window opening

2018
[75]

Cost

Temp., outside
Temp.

Approx.

2015
[76]
2016
[77]
2017
[78]

Energy savings

PCM Temp.

Cost savings, CO2
savings
Energy consumption
(cost), thermal comfort

PCM Temp.

Heat extracting,
thermal output
power
(non-)activation
of PCM
(non-)activation
of PCM
Temp. set points

2006
[79]

Energy consumption
(cost)

2006
[80]

Energy consumption
(cost)

2007
[81]

Energy consumption
(cost)

2016
[82]

Human comfort, energy
conservation

Room Temp.,
circuits’
Temp., time,
weather
forecast
Building
modes, state
of charge
Building
modes, state
of charge
Building
modes, state
of charge,
zone Temp.
Comfort
status,
illuminance,
blind status

Methods
𝑅𝐿𝑆 −
𝑇𝐷(𝜆)
with
eligibility
trace
Fitted Qiteration

Approx.

𝑆𝐴𝑅𝑆𝐴(𝜆)

Approx.

𝑆𝐴𝑅𝑆𝐴(𝜆)

Approx.

Fitted Qiteration

Temp. set-points,
TES charging rate

Tabular

Q-learning

Temp. set-points,
TES charging rate

Tabular

Q-learning

Temp. set-points,
TES charging rate

Tabular/
Approx.

Q-learning

Turing on/off
light, changing
blind angel

Tabular

Improved
Q-learning

Temp. stands for temperature.
Approx. stands for approximation approach of computing the value function.
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Value
function
Approx.2

2016
[83]

Energy consumption

2016
[84]

Energy consumption
(cost)

2015
[85]
(L1)
2015
[85]
(L23)
2008
[86]
2003
[87]
2010
[88]

2016
[89]
2018
[90]

Building
energy values

Time, indoor
Temp.,
outdoor Temp.
Net thermal output
Solar
irradiation, air
Temp.
Heat supply, maintaining Heating
heat pumps Temp.
demand,
month
Energy consumption,
Temp., CO2
thermal comfort
concentration,
time
Energy consumption
State-of(cost)
charge of
chiller
Energy cost, discomfort Time, indoor
cost
Temp., tank
water Temp.,
Temp.
increase
Energy consumption
Time, Temp. of
(cost)
water heater
Energy consumption,
Outdoor
thermal comfort
Temp., solar
radiation, wind
speed, indoor
Temp.

Changes in Smart
Grid, building
renovation
HVAC on/off

Tabular

SARSA
Q-learning

Approx.

Fitted Qiteration

Mass flow rate

Approx.

Batch Qlearning

Mass flow rate

Tabular

Q-learning

Heat pump,
window
opening/closing
TES charging rate

Approx.

𝑅𝐿𝑆 − 𝑇𝐷

Tabular

Q-learning

Room Temp. set
point, tank water
Temp. set point,
working mode

Tabular

𝑄(𝜆) with
eligibility
trace

On/Off of the
heater
HVAC on/off,
window
opening/closing

Approx.

Fitted Qiteration
Q-learning

Tabular

4.1

Tabular method
In systems with small and discrete state or state-action sets, it is preferable to formulate
the estimations using look-up tables with one entry for each state or state-action value. The
tabular method is easy to implement and guarantees convergence [25]. A direct application of
Eq (11) is the tabular Q-learning control algorithm [30] which seems to be the most common
of the RL algorithms used in building energy control. In Algorithm 1, the 𝜖 -greedy policy
indicates that the agent chooses an action that has maximal estimated action value with
probability 1 − 𝜖, but with probability 𝜖 the agent selects an action at random. The update to
a new action value is achieved by adding a so called TD-error, 𝛼 [𝑅 + 𝛾 max 𝑄(𝑆 ′ , 𝑎′) − 𝑄(𝑆, 𝐴)],
𝑎′

to the old action values. The value function

𝑄(𝑆, 𝐴)3

asymptotically converges to 𝑞∗ (𝑠, 𝑎).

We use 𝑄(𝑆, 𝐴) to represent an approximate value function from the data and 𝑞(𝑆, 𝐴) to represent
the target of the approximation.
3
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Algorithm 1. Tabular Q-learning
Input: discount parameter 𝛾; step size parameter 𝛼; {𝑠, 𝑎} ∈ {𝒮, 𝒜}; 𝜖 > 0.
1: Loop for each episode
2: Initialize 𝑄(𝑠, 𝑎)
3:
Loop for each time step
4:
Choose A by 𝜖-greedy policy
5:
Observe the immediate reward 𝑅 and 𝑆 ′
6:

𝑄(𝑆, 𝐴) ← 𝑄(𝑆, 𝐴) + 𝛼 [𝑅 + 𝛾 max 𝑄(𝑆 ′ , 𝑎′) − 𝑄(𝑆, 𝐴)]
𝑎′

7:
𝑆 ← 𝑆′
8:
Until S is terminal
Output: Q-table

Studies on thermal energy storage (TES) systems [87], in which a control on the charging
rate of chillers used to shift cooling loads from on-peak to off-peak periods, compare load
savings. By constraining the exploration, the RL methods are only slightly inferior to modelbased methods. Another strategy is to first create correct state-action space by simulation and
then apply the learning algorithm [79,80], which significantly reduces the effort of exploration.
Similarly, pre-estimation for reducing the state-action space provides a scheme of efficient
learning [84]. On the other hand, one does not always need to reach the exact control policy
rather than the action patterns [81]. The Q-learning extended by adding the eligibility traces
(back) [25] leads to efficient computation in that only single vector is required for storing the
sum of the cost for the past few hours [88]. The fuzzy state discretization is employed for a
reduction of state space. It shows that RL control can deal with inaccurate building models and
compensate for incorrect specification of discomfort cost. Benefiting from the development of
the computing power, the Q-learning policy outperforms over conventional models when
occupants’ comfort and behaviors are considered [82,90].
4.2

Approximation method
For large MDP problems, we do not always want to separately see the trajectory of each
entry of the look-up table. The parameterised value function approximation 𝑞̂(𝑠, 𝑎; 𝐰) ≈
𝑞𝜋 (𝑠, 𝑎) gives a mapping from the state-action to a function value, for which there are many
mapping functions are available, for example, linear combinations, neural networks, etc. It
generates the state-actions that we cannot observe. Updating of the weight vector, 𝐰, leads to
the incremental method and the batch method.
For the incremental method, 𝐰 is updated by gradient descent:
𝐰𝒕+𝟏 = 𝐰𝒕 + 𝛽[𝑞𝜋 (𝑆𝑡 , 𝐴𝑡 ) − 𝑞̂(𝑆𝑡 , 𝐴𝑡 ; 𝐰𝒕 )]∇𝑞̂(𝑆𝑡 , 𝐴𝑡 ; 𝐰𝒕 ).

(12)

The learning target 𝑞𝜋 (𝑆𝑡 , 𝐴𝑡 ) is iteratively obtained from the Bellman Equation Eq. (11). The
𝑆𝐴𝑅𝑆𝐴(𝜆) algorithm [25] makes use of the approximation to update the eligibility trace and
the value function. In Algorithm 2, the linear case assumes 𝑞̂(𝑠, 𝑎; 𝐰) = 𝐰𝑇 𝐱(𝑠, 𝑎). The vector,
𝒛, with the same number of components as 𝐰, is the eligibility trace that keeps track of which
components of the weight vector have contributed to the recent state values.
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Algorithm 2. Approximate 𝑆𝐴𝑅𝑆𝐴(𝜆)
Input: discount parameter 𝛾; trace-decay parameter 𝜆; step size parameter 𝛼;
{𝑠, 𝑎} ∈ {𝒮, 𝒜}; 𝜖 > 0.
1: Loop for each episode
2: Initialize 𝑄𝑜𝑙𝑑 (𝑠, 𝑎); 𝒛 = 𝟎; 𝐰 = 𝟎
3:
Loop for each time step
4:
Take 𝐴; observe the immediate reward 𝑅 and 𝑆 ′
5:
Choose 𝐴’ from 𝑆’ by 𝜖-greedy policy
6:
𝐱′ ← 𝐱(𝑆 ′ , 𝐴′)
7:
𝑄(𝑆, 𝐴) ← 𝐰 𝑇 𝐱; 𝑄(𝑆′, 𝐴′) ← 𝐰 𝑇 𝐱′
8:
𝛿 ← 𝑅 + 𝛾𝑄(𝑆′, 𝐴′) − 𝑄(𝑆, 𝐴)
9:
𝐳 ← 𝛾𝜆𝐳 + (1 − 𝛼𝛾𝜆𝐳 𝑇 𝐱)𝐱
10:
𝐰 ← 𝐰 + 𝛼[𝛿 + 𝑄(𝑆, 𝐴) − 𝑄𝑜𝑙𝑑 ]𝐳 − 𝛼[𝑄(𝑆, 𝐴) − 𝑄𝑜𝑙𝑑 ]𝐱
11:
𝐱 ← 𝐱′; 𝐴 ← 𝐴′; 𝑄𝑜𝑙𝑑 ← 𝑄(𝑆′, 𝐴′)
12:
Until S is terminal
Output: 𝐰 𝑇

Studies on controlling the operational schedule of a ventilated facade with phase change
material (PCM) in its air chamber shows a significant electricity saving and robustness to the
weather [76]. The learning also works also well in terms of simultaneously reducing CO2
emissions for the TES [77]. A slightly different algorithm, recursive least-squares temporaldifference (RLS-TD) [91], also uses the eligibility trace but updates the weight vector through a
least-squares problem. When it comes to the applications considering both energy
consumption and thermal comfort, an early study [74] observed an improved policy and
learning ability through a 4-year simulation. This was consolidated by another study [86] in
which a fifth year was added. However, the benefit of the incremental control method on
building energy is still an attractive issue and hence empirical studies are required.
Whereas the incremental method makes use of the experience once to update the
estimate of the value function and then throwing it away before going to the next step, the
batch method is sample efficient and tries to find the best fitting to all of the data. It tries to
explain all of the reward received at each step. The fitted Q-iteration (FQI) algorithm [92] also
uses gradient descent optimisation, but for a sample of observations, to update 𝐰 (Algorithm
3 [29]).
Algorithm 3. Fitted Q-iteration
Input: discount parameter 𝛾; mapping rule 𝑞(𝑠, 𝑎; 𝐰); samples {𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡+1 , 𝑠𝑡′ }
for each {𝑠, 𝑎} ∈ {𝒮, 𝒜}.
1: Initialize 𝐰 and 𝑄(𝑠, 𝑎; 𝐰)
2: Loop at iteration 𝑙 = 1,2, …
3:
for 𝑙𝑠 = 1,2, … , |{𝑠, 𝑎}| do
4:
𝑄𝑙+1,𝑙𝑠 ← 𝑟𝑙𝑠 + 𝛾 max 𝑄𝑙 (𝑆𝑙′𝑠 , 𝑎′; 𝐰𝒍 )
𝑎′

5:
End for
6:
Update 𝐰 by fitting 𝑄𝑙+1,𝑙𝑠
7: Until the change of 𝑄𝑙+1,𝑙𝑠 is trivial
Output: 𝑞̂(𝑠, 𝑎; 𝐰) = 𝑄𝑙+1,𝑙𝑠
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The FQI algorithm on building energy control has just been recently noticed and efforts on
improving the learning quality have only been examined in limited studies. A study of
thermostatically controlled loads connected to a district heating network in a cluster uses FQI
to obtain the optimal actions for the entire cluster [75]. The policy is then combined with a
market-based multi-agent system for minimising the cost of the loads. Both the energy
arbitrage and peak saving scenarios show promising control strategies after 40-60 days’
learning. As a strategy for improving the learning efficiency, combining model-free methods
with good domain knowledge can be further considered. The implementation of FQI combined
with an auto-encoder network has also been shown to be feasible in reconstructing the states
[89]. For a single building, the heating system can be optimally controlled by adding virtual
support tuples for those states with a low-density experiment sample [84].
4.3

Policy-based method
Both the tabular and approximation method work in value-based paradigm where the
value functions have to be approximated and the policy is taken by greedy or 𝜖 -greedy
strategies, whereas the policy-based method [93] directly searches for the parametrised policy:
𝜋𝜃 (𝑎|𝑠; 𝜽) = ℙ[𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠; 𝜽𝑡 = 𝜽].

(13)

The policy-based method gives better convergence, especially for the continuous state-action
space. In episodic experiments, the average reward for each time step is used as the objective
function. The gradient ascent technique iteratively updates 𝜽 for the optimisation. The action
preference is usually assigned to a probability to avoid the deterministic policy. For the control
of building energy, the application of policy-based methods has not yet been empirically made.
Furthermore, a combination of the value-based method and policy-based method, e.g. the
Actor-Critic algorithm [94], is also appealing.
5

Multi-agent reinforcement learning
As an agent-based technology, the multi-agent system (MAS) provides promising
paradigms in artificial intelligence [95-97]. The decomposition of complex systems facilitates
each agent to share a common environment and work independently on a specific sub-problem.
MAS extends the single agent system by allowing each agent to interact with other agents –
not simply by exchanging data, but also by engaging in analogues of social activity: cooperation
and negotiation [98].
5.1

Multi-agent control system
When it comes to a multi-agent control system (MACS) in a building, each agent
implements autonomous actions in order to optimally run building models in a dynamic system.
In most of the studies, the hierarchical central-local agent structure is embedded in the building
models to balance the energy consumption and the occupants’ comfort [99-102]. A (multiobject) particle swarm optimisation (PSO) technique is utilized for optimising intelligent
management. In Fig. 7 [99], for instance, a central agent communicates with building managers
and zone agent to decide the optimal power distribution for each zone by considering the
comfort demand. A zone agent, on the other hand, communicates with occupants and decides
power demand. The local agents take care of temperature control, illumination control, and air
quality control. The objective function aims at maximising total thermal comfort and minimising
16

energy consumption. Similar central-local systems utilise FL controllers for maximising the
thermal comfort [103]. An occupant-driven control is studied in MASs including HVAC agents,
occupant agents and meeting agents [104], where the MDP based coordination tries to find the
optimal policy by considering energy consumption, occupant comfort, and scheduling
convenience individually.

Fig. 7 MAS for building energy control

5.2

Multi-agent reinforcement learning
The MDP property for multi-agent reinforcement learning (MARL) has been extensively
studied in matrix game playing [105-107] since both cooperative and competitive as well as a
mixed environment can be modeled and simulated. Previous survey works [108,109] have
summarised and explored MARL theory, algorithms and applications. The benefit of MARL
comes from experience sharing, information exchange, and skill learning among agents. When
one or more agents fail to work in the system, the remaining agents are still able to react
optimally by learning from the new environment. They also pointed out that MARL faces
challenges [108-110]. Firstly, the agents might work independently instead of cooperatively
resulting in sub-optimal returns. Secondly, the decision-making process for a single agent in
MARL is non-stationary due to the dynamic policy changes from other agents. Thirdly, the
exploration strategy becomes complex when the number of agents increases. Despite those
challenges, making assumptions assures that MARL algorithms perform efficiently.
Generally, the transition probability for MARL extends Eq. (1) to a multi-action case:
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𝑝(𝒔′ , 𝑟𝑖 |𝒔, 𝑎𝑖 ) = ℙ[𝑺𝒕 = 𝒔′ , 𝑹𝑡,𝑖 = {𝑟1 , … , 𝑟𝑛 }| 𝑺𝒕−𝟏 = 𝒔, 𝑨𝑡−1,𝑖 = {𝑎1 , … , 𝑎𝑛 }],

(14)

where 𝑛 is the total number of agents, 𝑟𝑖 is the reward for agent 𝑖 and 𝒔 = {𝑠1 , … 𝑠𝑛 } is the set
of individual states. In Eq. (14), the stochastic transition is a probability distribution over the
next vector of states, 𝒔′ , given the current vector of states, 𝒔, and joint action, 𝑎𝑖 . For the policy
𝜋𝑖 ∈ 𝛱𝑖 , the optimal policy 𝜋𝑖∗ for agent 𝑖 fulfills the Nash equilibrium:
∑ 𝑞∗ (𝒔, 𝑎𝑖 ) 𝜋1∗ (𝑎1|𝒔) ∙ … ∙ 𝜋𝑖∗ (𝑎𝑖 |𝒔) ∙ … ∙ 𝜋𝑛∗ (𝑎𝑛 |𝒔)
𝑎1 ,…,𝑎𝑛

≥ ∑ 𝑞∗ (𝒔, 𝑎𝑖 ) 𝜋1∗ (𝑎1|𝒔) ∙ … ∙ 𝜋𝑖 (𝑎𝑖 |𝒔) ∙ … ∙ 𝜋𝑛∗ (𝑎𝑛 |𝒔),

(15)

𝑎1 ,…,𝑎𝑛

where 𝑞∗ (𝒔, 𝑎𝑖 ) is the optimal action-value function for agent 𝑖 and 𝜋𝑖∗ (𝑎𝑖 |𝒔) is the individual
probability of taking action 𝑎𝑖 given the Nash equilibrium policy.
Similar to game players, the MARL control for building energy can be either in a
cooperative or non-cooperative system. Hurtado Munoz et al [111] compare the extended joint
action learning (JAL) to a decentralized non-cooperative Q-learning method and a centralized
Nash n-player game method to study the energy demand flexibility of a cluster of buildings. The
MARL methods show that a range of flexibility requests can be met by providing an optimal
energy portfolio of buildings and the proposed extended JAL performs best, considering
responsibility and the commitment of allocation values [112]. Bollinger and Evins [113]
illustrate the potential of MARL optimisation methods used for distributed multi-energy
systems with four agents. The Q-learning and continuous Actor-Critic learning automaton
algorithms have been tested. As shown in Fig. 8 [113], building agents generate offers and/or
requests for electricity and/or heat for each hour within a 24-hour period. The market agent
analyses the interactions between buyers and sellers and tries to match the optimal buyers and
sellers. The states consist of time of day and state of charge and the actions consist of the prices
and quantities of electricity and heat. The sum of electricity and heat profit form the reward
signal. The authors conclude that the MARL shows promise in addressing specific classes of
energy hub problems, especially those dealing with large scales. The integration of human
knowledge and equipment sensors applied in collaborative multi-agent buildings for optimising
hot water production can also outperform single agent systems [114].

Fig. 8 MARL for building energy control

Even though paradigms of implementing MARL for building energy controls have
incomprehensively arisen, all the empirical studies have tried to outline the potentials for
developing various methods. Unlike a single agent system, the MAS may require agents being
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aware of others’ actions. Therefore, more efforts may be devoted on how to convey behaviors
among agents in cooperative systems.
6

Conclusions
In this paper, we investigated the reinforcement learning control method on building
energy. Efforts made on building automation are crucial for making buildings smarter in terms
of cutting costs by streamlining building operations like air conditioning and lighting [115]. As a
data-driven method, model-free RL can work in a simulation paradigm [116] and has brought
broad novelties into artificial intelligence applications. However, it seems that cutting-edge RL
techniques have drawn only a few attentions regarding smart building automation systems.
We briefly reviewed the current applications on building energies according to the method
of handling the value functions for both value iteration and policy iteration algorithms. It is
surprising that both VI and PI dominate the algorithms, which leaves open the question of how
the third category, namely, the policy-based search, or a combination of them perform when
it is applied to building energy control. Various empirical studies are expected for checking this
in the future.
Compared to the tabular method, the development of the approximation method provides
the possibility of managing the curse of dimensionality. Algorithms like FIQ and RLS have set
feasible paradigms to estimating value functions by linear models. Since linear models
guarantee convergence, the implementation becomes meaningful for suitable feature
construction. For non-linear approximation approaches like ANN, deep ANN and deep
convolution networks, proper design and training of the networks can contribute a great deal
to RL [25]. Impressive applications make building energy control attractive. For instance, the
image of temperature scale or humidity is a suitable case to serve as the input state to the
convolution network.
Optimal policies of multi-agent reinforcement learning are usually defined in the context
of game theory and the cooperative case is expected for maximising the joint reward. However,
many challenges may intervene the cooperative agents and lead to sub-optimal policies. One
crucial future task is to learn optimal policies for buildings in a dynamic and independent
environment.
The promising RL method opens a new way of efficiently controlling HVAC systems, water
heaters, lighting and window opening. As a part of smart buildings, energy-related systems have
great potential for being updated by experience. More learning experiences can assist the
agent in faster exploring the desired solution space and reducing the trial-and-error attempts.
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