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Abstract
The proliferation of data centers is driving increased energy consumption, leading to environmentally unacceptable carbon
emissions. As the use of Internet-of-Things (IoT) techniques for extensive data collection in data centers continues to grow,
deep learning-based solutions have emerged as attractive alternatives to suboptimal traditional methods. However, existing
approaches suffer from unsatisfactory performance, unrealistic assumptions, and an inability to address practical data center
optimization. In this paper, we focus on power usage effectiveness (PUE) optimization in IoT-enabled data centers using deep
learning algorithms.We first develop a deep learning-based PUE optimization framework tailored to IoT-enabled data centers.
We then formulate the general PUE optimization problem, simplifying and specifying it for the minimization of long-term
energy consumption in chiller cooling systems. Additionally, we introduce a transformer-based prediction network designed
for energy consumption forecasting. Subsequently, we transform this formulation into a Markov decision process (MDP) and
present the branching double dueling deep Q-network. This approach effectively tackles the challenges posed by enormous
action spaces within MDP by branching actions into sub-actions. Extensive experiments conducted on real-world datasets
demonstrate the exceptional performance of our algorithms, excelling in prediction precision, optimization convergence, and
optimality while effectively managing a substantial number of actions on the order of 1013.

Keywords Data center · IoT · Power usage effectiveness · Deep learning · Large-sacle optimization

1 Introduction

Data centers significantly contribute to both global energy
consumption and carbon emissions. As per estimations in
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[1], the worldwide energy consumption by data centers is
projected to surge from 800 terawatt hours (TWh) in 2020
to a staggering 2967 TWh by 2030. The recent remarkable
success of ChatGPT has ignited the proliferation of various
generative AI models, thereby generating an unprecedented
demand for computational capabilities. This surge in demand
is expected to further propel the growth of data centers.
Governments and data center operators are taking proactive
measures to establish more energy-efficient data centers. For
instance, Google has committed to achieving carbon neutral-
ity by2030, andMicrosoft plans to attain carbonnegativity by
the same year [2]. Additionally, the Chinese government has
mandated that newly constructed data centers must adhere to
a power usage effectiveness (PUE) threshold of nomore than
1.3 by the end of 2023, as outlined in the Three Year Plan
[3]. In large data centers, chiller cooling systems are utilized
to deliver cooling to server rooms, constituting a significant
share (46%) of energy consumption within data centers [4].
Consequently, the optimization of chiller cooling systems has
arisen as a promising approach to mitigate energy consump-
tion, garnering noteworthy consideration in recent years.
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Current research typically adopts a two-step approach
to optimize cooling systems. Initially, a theoretical system
model is constructed to describe the physical system, follow-
ing which various algorithms are applied to optimize energy
consumption based on this system model. Traditional meth-
ods incorporating expert knowledge and thermodynamic
principles fall short in capturing the intricacies of these sys-
tems, leading to suboptimal optimization results. In recent
years, thanks to the rapid advancement of the Internet of
Things (IoT), data centers have gained the ability to employ
diverse sensors for extensive data collection from the physi-
cal environment. This collected data offers a precise real-time
depiction of the data center’s status, a concept verified in
recent works [5, 6]. This lays the foundation for precise
data-driven modeling in data centers. Deep learning, as a
representative method in the data-driven domain, serves as a
powerful tool for modeling complex relationships [7–10]. It
offers an appealing alternative for achieving more accurate
modeling and improved optimization results in the context
of data center PUE optimization. Deep learning-based algo-
rithms have found applications in modeling data centers
[11–13], while for optimization purposes, deep reinforce-
ment learning (DRL) based algorithms have also garnered
significant attention [14–16]. Nevertheless, these predic-
tion methods encounter challenges in effectively modeling
complex data centers and managing long-term temporal
dependencies. Hence, the need for more accurate predic-
tion algorithms is evident, ultimately leading to superior
optimization outcomes. In the context of actual data cen-
ter operations, a multitude of parameters require control and
optimization, resulting in a enormous optimization space.
However, the existing DRL algorithms applied in data cen-
ters struggle to address such vast action spaces.

In this paper, we investigate the optimization of PUE in
IoT-enabled data centers by employing deep learning-based
algorithms. Initially, we develop a deep learning-based PUE
optimization framework tailored to IoT-enabled data centers.
We proceed to formulate the general PUE optimization prob-
lem, which is subsequently specified and simplified to focus
onminimizing the energy consumption of chiller cooling sys-
tems. Recognizing the significance of precise modeling for
optimization, we introduce a transformer-based prediction
network designed to accurately forecast the energy consump-
tion of chiller cooling systems. Building on this network, we
further reconfigure the optimization problem into a Markov
decision process (MDP). To address the enormous action
space inherent in MDP, we propose a method to compress
this space by branching actions into sub-actions, a technique
we refer to as branching double dueling deep Q-network.
Finally, we substantiate the exceptional performance of our
proposed algorithms via comprehensive experiments con-
ducted on real-world datasets. The primary contributions of
this paper can be summarized as follows:

• We establish a deep learning-based framework for opti-
mizing PUE in IoT-enabled data centers. We formulate
the general PUE optimization problem, which is then
refined and simplified to focus on minimizing the energy
consumption of chiller cooling systems.

• We introduce a transformer-based prediction network
(TPN) designed to forecast energy consumption in chiller
cooling systems. This network excels in accurately cap-
turing temporal dependencies, thereby establishing a
robust foundation for subsequent optimization.

• We convert the original problem into an MDP and
subsequently introduce the branching double dueling
deep Q-network (BD3QN) to address the considerable
action space within our problem. This approach branches
the action space into sub-actions, handling substantial
actions while retaining benefits in terms of both conver-
gence and optimality.

The remainder of this paper is structured as follows. In
Section 2, we survey state-of-the-art works concerning PUE
optimization. In Section 3, we present the system model and
articulate the formulated optimization problem. Section 4
elucidates the TPN designed for forecasting chiller cool-
ing system energy consumption. In Section 5, we provide
a detailed explanation of the proposed energy consumption
optimization algorithm, BD3QN. Section 6 showcases the
extensive results and insights obtained. Lastly, Section 7
offers the concluding remarks for this paper.

2 Related works

Early investigations into cooling systems [17–20] rely on
thermodynamic principles, mechanical principles, empirical
formulas, and expert knowledge. For instance, Ma et al. [17]
devised an optimal strategy through a systematic approach
that hinges on model-based performance prediction using
various models to encompass comprehensive system compo-
nents. They constructed the chillermodel based on thermody-
namic principles and heat/mass transfer processes, while the
air handling unit model was formulated on empirical foun-
dations. Sun et al. [18] utilized a complete simulation-based
sequential quadratic programming approach to attain optimal
control. This method enables the use of precise component
models, as opposed to empirical ones. Lu et al. [19] opti-
mized overall system performance by employing component
characteristic analysis,mathematicalmodels, and solving the
problem through a modified genetic algorithm. Furthermore,
Fang et al. [20] conducted an investigation into the simul-
taneous optimization of computing and cooling within data
centers using a two-time-scale controlmethod.This approach
involves the optimization of cooling supplements through
model predictive control. However, these traditionalmethods
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fall short in capturing the complexity of intricate cooling
systems, resulting in suboptimal, unstable, and insecure opti-
mization outcomes [21].

Given the significant capability of deep learning-based
methods tomodel intricate andnonlinear systems, their appli-
cation in modeling and prediction within data centers has
garnered substantial attention. Vu et al. [11] conducted an
investigation into data-driven chiller plant energy optimiza-
tion by incorporating domain knowledge into data analysis.
They employed distinct deep-learning algorithms tailored
to specific module types within a module-wise modeling
approach. In the study by Yang et al. [12], the authors
achieved precise PUE prediction through meticulous feature
selection and analysis. By assessing the importance and sen-
sitivity of these features, they optimized the condenser water
flow of chillers, resulting in a reduction of PUE and energy
savings verified through field testing in data centers. Con-
sidering the significance of temperature and humidity, the
modeling and prediction of temporal correlations becomes
essential. Consequently, Zhao et al. [13] employed a gated
recurrent unit (GRU)-based approach relying on historical
data to predict PUE.

Following the pioneering success of deep learning in the
field of reinforcement learning [22],DRLhas gained substan-
tial recognition among researchers [23, 24]. Its adoption has
also extended to various domains [25–27].Within the context
of optimizing energy consumption in data centers, notable
advancements have recently emerged. Heimerson et al. [14]
initiated their study by developing a data center model
through computational fluid dynamics (CFD) and subse-
quently trained a DRLmodel based on this foundation. They
specifically employed the proximal policy optimization algo-
rithm, optimizing four flow and temperature setpoints of the
computer room air handler. Similarly, Li et al. [15] harnessed
DRL with the deep deterministic policy gradient algorithm
to optimize five temperature setpoints within chiller cool-
ing systems. Furthermore, actor-critic enabled DRL, as
illustrated by Naug et al. [16], successfully optimized the
temperature setpoint and air handling unit preheat/reheat dis-
charge.

While some prior works have employed deep learning-
based algorithms to predict and optimize data center energy
consumption, new solutions are warranted for the follow-
ing reasons. Firstly, existing prediction algorithms struggle
to effectively handle the complexity and long-term temporal
dependencies inherent in modeling data centers. This limita-
tion results in unsatisfactory prediction performance, leading
to suboptimal optimization outcomes. Secondly, existing
DRL algorithms are primarily designed with the assumption
of continuous and low-dimensional action spaces. In con-
trast, real-world data centers feature discrete and vast action
spaces, rendering the application of existing DRL algorithms
impractical for the data centers under investigation. In this

paper, we carefully address the aforementioned challenges
and propose deep learning-based algorithms to achieve more
accurate predictions and effectively handle enormous action
spaces, ultimately leading to superior optimization perfor-
mance.

3 Systemmodel

The IoT-enabled data center and the deep learning-based
PUEoptimization framework are illustrated in Fig. 1. The left
side of Fig. 1 illustrates the IoT-enabled data center, where
servers in the server room generate heat during operation. To
dissipate this heat, a chiller cooling system is employed to
provide the necessary cooling capacity. The cooling capac-
ity is achieved through the collaboration of multiple devices.
Specifically, the chiller generates cold water which is then
pumped by a chilled water pump to the server room and the
cold water tank, for the purpose of heat dissipation and cold
water storage, respectively. The outlet water from the server
room is subsequently pumped back to the chiller, where
the temperature is higher than the inlet water due to heat
exchangewith the servers. Subsequently, the chiller cools the
outlet water using a plate heat exchanger and a cooling tower.
In this process, a coolingwater pump is responsible for pump-
ing the cooling water, and the cooled outlet water is returned
to the chiller for circulation. Utilizing IoT techniques, a mul-
titude of sensor nodes, such as temperature sensors, humidity
sensors, and flowmeter sensors, are deployed across these
devices. Through these sensors, the global state of the data
center can be monitored in real time. The data sensed by
the IoT devices is then collected either wirelessly or through
wired links and subsequently processed by the gateway. The
processed data is then uploaded to the data center infrastruc-
ture management (DCIM) system and stored in a database.
By retrieving the data from the database, we construct a deep
learning-based prediction network. Additionally, we propose
a DRL-based optimization algorithm that interacts with the
prediction network. The optimized strategies resulting from
this algorithm are subsequently sent to the chiller cooling
system via the DCIM. The IoT devices serve as a vital link
between the physical data center and the digital optimization
framework, as depicted on the left and right sides of Fig. 1.

In the data center, the total power consumption can be
categorized into the following components:

Ptotal = Psupply + PIT + Pcooling + PCRAC + Pothers, (1)

where Psupply, PIT, Pcooling, PCRAC, and Pothers represent the
power consumption of the power supply, information tech-
nology (IT) devices, chiller cooling system, precision air
conditioners in server rooms, and othermiscellaneous factors
such as lighting, security, and office equipment, respectively.
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Fig. 1 A deep learning-based PUE optimization framework for IoT-enabled data center

Moreover, as illustrated in Fig. 1, the power consumption of
the chiller cooling system can be further subdivided into the
following components:

Pcooling = PCH + PCWP + PCHP + PCT + Pothers + Ploss,
(2)

where PCH, PCWP, PCHP, PCT, Pothers, and Ploss represent the
power consumption of the chiller, chilled water pump, cool-
ing water pump, cooling tower, other devices in the chiller
cooling system, and power loss due to transmission loss and
heat dissipation, respectively.

To compare the energy efficiency of different data cen-
ters, it is necessary to define common metrics. One widely
recognized and utilized metric is the PUE. PUE is defined as
the ratio of the total energy consumption of the data center
to the energy consumption of IT devices over a specific time
period [28], as shown below:

PUE = Etotal

EIT
, (3)

where EIT and Etotal represent the summation of PIT
and Ptotal over the specified time period, respectively. As
indicated in Eqs. 1 and 2, PUE ≥ 1 due to the energy con-
sumption of other factors. A lower PUE value indicates a
higher fraction of power being delivered to the IT devices
and signifies greater energy efficiency in the data center.

3.1 Problem formulation

PUE optimization in data centers is a continuous-time
optimization problem. To discretize a period of time into
T time slots, we propose the following general problem

formulation:

min
Xc

PUE (Xc,Xs,Xe) (4a)

s.t. Ci (Xc,Xs,Xe) ≤ 0, ∀i ∈ {1, 2, · · · , I } , (4b)

S j (Xc,Xs,Xe) ≤ 0, ∀ j ∈ {1, 2, · · · , J } , (4c)

where the matrices Xc ∈ R
dc×T , Xs ∈ R

ds×T , and
Xe ∈ R

de×T represent collections of vectors for all time
slots, denoted as Xi = [xi (1), xi (2), · · · , xi (T )] for i ∈
{c, s, e}. Specifically, Xc contains the controllable parame-
ters of chiller cooling system devices, Xs contains the status
(uncontrollable) parameters of devices, and Xe contains the
environmental parameters of the data center. Each vector
xc(t) ∈ R

dc , xs(t) ∈ R
ds , and xe(t) ∈ R

de corresponds
to the respective parameters in time slot t . The constraints
(4b) correspond to the physical limitations imposed by the
data center devices,while constraints (4c) represent the safety
restrictions associatedwith these devices. The variables I and
J represent the number of physical and safety constraints,
respectively. Problem (4) aims to minimize the PUE by opti-
mizing the controllable parameters of chiller cooling system
devices xc(t) across all time slots t = {1, · · · , T } while
satisfying the physical and safety constraints of data center
devices throughout.

Given that the primary emphasis of this paper is the
optimization of the chiller cooling system, the objective of
minimizing the PUE is tantamount to minimizing the energy
consumption of the cooling system, as defined in Eq. 3. Con-
sequently, we can redefine problem (4) as follows:

min
Xc

∑T
t=0 Ecooling (Xc,Xs,Xe) (5a)

s.t. (4b), (4c). (5b)
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In fact, problem (5) can be regarded as a long-term energy
consumption optimization problem. Furthermore,we specify
the controllable parameters and safety constraints adopted in
this paper, resulting in the following reformulation of prob-
lem (5):

min
Xc

limT→∞
∑T

t=0
Ecooling(Xc,Xs ,Xe)

T (6a)

s.t. ChWOTl ≤ ChWOTi (t) ≤ ChWOTu, (6b)

ChWOPl ≤ ChWOPi (t) ≤ ChWOPu, (6c)

CoWOTl ≤ CoWOTi (t) ≤ CoWOTu, (6d)

CoWOPl ≤ CoWOPi (t) ≤ CoWOPu, (6e)

EOTl ≤ EOTi (t) ≤ EOTu, (6f)

t ∈ {1, 2, · · · , T } , i = 1 or 2, (6g)

where the controllable variable Xc encompasses the param-
eters mentioned below: chilled water outlet temperature
(ChWOT), chilled water outlet pressure (ChWOP), cooling
water outlet temperature (CoWOT), cooling water out-
let pressure (CoWOP), and evaporator outlet temperature
(EOT). Since the cooling system comprises two chillers, the
subscript i indicates that the variables correspond to chiller
i , resulting in a total of 10 controllable variables considered
in this study. Furthermore, each variable is discrete and can
take on 21 different values. This leads to a total of 2110 possi-
ble combinations of solutions, which represents an extremely
large number and poses a significant challenge for resolution.

To address this problem, we first employ the TPN
Ecooling = M (Xc,Xs,Xe) to predict the energy consump-
tion of the chiller cooling systems in Section 4, which serves
as the basis for the subsequent optimization using DRL in
Section 5.

4 Transformer-based energy consumption
prediction

In this section, we present the problem formulation for pre-
dicting the energy consumption of a chiller cooling system
and provide a detailed introduction to the architecture of the
proposed TPN.

4.1 Energy consumption prediction

Weframe the prediction of chiller cooling systemenergy con-
sumption as a temporal sequence prediction problem, con-
sidering the time-dependent nature of temperature, humidity,
and the cooling system itself. The predicted output of the
network is denoted as y = [y(1), · · · , y(T )], where y(t) rep-
resents the energy consumption of the chiller cooling system
at time slot t . The input to the prediction network is repre-
sented as X = [x(1), · · · , x(T )], where x(t) ∈ R

dm , dm =

dc+ds+de represents the collectionof cooling systemparam-
eters and environmental parameters at time slot t :

x(t) = [xc(t), xs(t), xe(t)]T . (7)

Given the historical inputs X1:t up to time slot t , the energy
consumption prediction model M aims to learn the energy
consumption ŷ(t + 1) of the cooling system at the next time
step. Therefore, the energy consumption prediction problem
can be formulated as:

ŷ(t + 1) = M (X1:t ) . (8)

4.2 Transformer-based prediction network

In this subsection, we present a comprehensive overview of
the TPN architecture, specifically designed for estimating the
energy consumption of chiller cooling systems. As depicted
in Fig. 2, the input matrix X1 undergoes positional encod-
ing to integrate positional information. It then progresses
through the transformer layer, which comprises multi-head
attention, layer normalization, and feed-forward operations
to capture temporal correlations. Ultimately, the processed
data is input into the prediction layer for forecasting the
energy consumption of the cooling systems. More compre-
hensive information regarding this network is provided in the
following subsections.

4.2.1 Positional encoding layer

In recurrent models, the previous hidden state serves as the
input at the current time step, preserving the order of the
sequence. In convolutional models, some positional informa-
tion may be lost due to the convolutional kernel operation,
although positional relationships between extracted features
are still preserved. However, in the TPN, there is no inherent
operation that provides positional information for sequences.
In light of that, we introduce a positional encoding layer
to inject positional information into the input sequence.
There are various methods for positional encoding, includ-
ing learned and fixed approaches. In this paper, we employ
a fixed positional encoding method [29], which enables the
model to effectively capture relative positions.We denote the
positional encoding matrix as Epos ∈ R

T×dm , aligned with
the dimensionality of the input matrix. The (i, j) element of
Epos is defined as:

Epos (i, j) =
⎧
⎨

⎩

sin
(
i/10000

j
dm

)
, if j is even,

cos
(
i/10000

j
dm

)
, if j is odd,

(9)

1 In this subsection, for simplicity, we represent X1:t as X.
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Fig. 2 The network architecture of TPN

where i represents the position, and j denotes the dimension
index.By incorporating the positional encoding into the input
matrix, we attain the positional information, and the output
of the positional encoding layer is given by:

Xp = X + Epos. (10)

4.2.2 Transformer layer

The transformer layer plays a crucial role in constructing and
capturing temporal correlations within the input sequence. It
achieves this by incorporatingmultiple attention heads, resid-
ual connections, layer normalization, and a feed-forward
network. The positional encoded inputXp serves as the input
to the transformer layer, and the resulting output is a feature
matrix denoted as Xt , which represents the extracted tempo-
ral correlations.

1) Multi-head attention

The attention mechanism, initially introduced in machine
translation by Bahdanau et al. [30], has found widespread
applications in neural networks across various fields. The
underlying purpose of attention is to enable the model to
emphasize the most relevant parts of the inputs by assigning
higher weights (attentions) to these features. This approach
offers various benefits, such as reduced complexity, paral-
lelized computation, and the ability to capture long-range
dependencies.

In the realm of attention mechanisms, there exist numer-
ous variants, as surveyed by Chaudhari et al. [31]. In this
paper, we adopt the self-attentionmechanism to explore tem-
poral correlations within the sequence. The self-attention
mechanism utilizes query matrix Q ∈ R

T×dt , key matrix
K ∈ R

T×dt , and value matrix V ∈ R
T×dt derived from the

sequence itself, as shown below:

Q = XpWQ, K = XpWK , V = XpWV , (11)

where WQ,WK ,WV ∈ R
dm×dt are the trainable parameter

matrices, and dt represents the length of the second dimen-
sion of the query, key, and value matrices. Subsequently, the
self-attention is computed in the following manner:

T (Q,K,V) = softmax

(
QKT

√
dt

)

V, (12)

where QKT denotes the attention score, and the scaling fac-
tor 1/

√
dt is incorporated to mitigate the gradient vanishing

issue in the softmax function caused by large dot product val-
ues. Besides, the softmax function is employed to normalize
the attention scores for each time slot.

Through the integration of self-attention into the input
sequence, we can identify correlations between any two time
slots and assign varying attention weights to highlight the
most pertinent parts. While a single self-attention mecha-
nism captures relationships within a single degree, a natural
approach to capturing correlations across multiple degrees
is the simultaneous use of multiple self-attentions, known
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as multi-head attention. This allows the model to concen-
trate on correlations from different representation subspaces
concurrently. Each multi-head attention block comprises h
self-attention blocks, defined as follows:

TM (Q,K,V) = [T1, T2, · · · , Th]WO , (13a)

where Ti = T
(
XpW

Q
i ,XpWK

i ,XpWV
i

)
, (13b)

whereTi represents the i-th self-attention block (head)within
the multi-head attentionmechanism. The parameter matrices
WQ

i ,W
K
i , andWV

i ∈ R
dm×dt are learnable matrices specific

to the i-th head. The outputs of the h heads are concatenated
and passed through a linear layer represented by the learnable
parameter matrixWO ∈ R

hdt×dm to yield the ultimate output
Xz of the multi-head attention block.

2) Residual connection, layer normalization and feed for-
ward

Figure 2 illustrates the presence of residual connections, layer
normalization, and feed-forward operations following the
multi-head attention in the transformer layer. Residual con-
nections are initially employed in deep learning networks
for image recognition [32] to mitigate the issue of vanishing
and exploding gradients during the training of deep neu-
ral networks. These connections introduce identical shortcut
connections that bypass one or more layers, allowing for
direct information propagation and enabling the network
to more effectively learn residual information. Additionally,
layer normalization [33] is utilized to alleviate the problem of
internal covariate shift during training. A position-wise feed-
forward network is also applied in this context to enhance
the model’s representation and learning ability. This net-
work consists of a two-layer fully connected architecture
with a ReLU activation function between the layers, which
is applied separately and identically to each position.

Specifically, the output of the multi-head attention Xz

undergoes residual connection and layer normalization as
follows:

Xz = LN
(
Xp + Xz

)
, (14)

where LN(·) represents the layer normalization operation.
Then, it is fed into the feed-forward network:

X f = ReLU
(
XzW1

f + b1f
)
W2

f + b2f , (15)

where W1
f ∈ R

dm×d f , b1f ∈ R
d f , W2

f ∈ R
d f ×dm , and

b2f ∈ R
dm represent the learnable parameter matrix and

vector for the first and second layers of the feed-forward
network, respectively. In order to capture more complex fea-
tures, it is necessary that d f > dm . The activation function

used in the feed-forward network is the rectified linear unit
(ReLU), defined asReLU(x) = max(0, x), and it operates on
a position-wise basis. Finally, residual connection and layer
normalization are applied once again:

Xt = LN
(
Xz + X f

)
. (16)

4.2.3 Prediction layer

The prediction layer aims to transform the extracted corre-
lations and features obtained from the transformer layer into
predicted energy consumption values. This layer is imple-
mented as a multi-layer perceptron consisting of multiple
fully connected layers, as depicted below:

h(l+1) = f (l)
σ

(
W(l)h(l) + b(l)

)
, ∀l ∈ {0, 1, · · · , L − 1} ,

(17)

where h(l) ∈ R
d(l)

represents the input of the l-th layer, while
h(l+1) ∈ R

d(l+1)
represents the output. Theweight matrix and

bias of the l-th layer are denoted as W(l) ∈ R
d(l+1)×d(l)

and
b(l) ∈ R

d(l+1)
, respectively. The activation function f (l)

σ (x)
is adopted as the ReLU. Notably, the input of the first layer is
the output of the transformer layer, represented as h(0) = Xt ,
while the output of the last layer corresponds to the predicted
energy consumption, denoted as h(L) = ŷ(t + 1).

5 DRL-based energy consumption
optimization

In this section, we introduce a modeling approach for the
long-term energy consumption optimization problem (6) by
formulating it as an MDP with an enormous action space.
To address this challenge, we propose a solution called the
BD3QN. The BD3QN aims to compress the action space by
dividing it into multiple sub-action spaces. This approach
enables effective handling of the enormous action space,
thereby enhancing overall performance.

5.1 Markov decision process modeling

In the context of reinforcement learning (RL), the agent’s
decision-making process involves selecting actions based on
a policy. Subsequently, the environment furnishes the agent
with a reward determined by the selected action and the
current state. Through a series of interactions between the
agent and the environment, RL’s primary goal is to acquire
an optimal policy thatmaximizes the cumulative reward. This
long-term reward is especially well-suited for addressing our
specific long-term optimization problem (6). To represent
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this procedure, it is customary to employ an MDP frame-
work. Thus,we initiallymodel problem (6) as anMDP,which
can be described by a five-tuple < S,A, P, r , γ >. Here,
S,A, P, R, γ denote the state space, action space, state tran-
sition probability function, reward function, and discount
factor, respectively. The subsequent subsections provide a
detailed presentation of the MDP modeling.

State The state represents the information obtained by the
agent from the environment, serving as a real-time represen-
tation of the physical environment and being influenced by
the agent’s actions. In this paper, we delineate the chiller
cooling system’s state as follows:

st =
{
xs(t), xe(t)

}
, (18)

where the state st of the cooling system at time slot t encom-
passes both the operational parameters xs(t) of the cooling
system and the environmental parameters xe(t).

Action The agent’s goal is to reduce the energy con-
sumption of the chiller cooling system through adjusting the
system’s controllable device parameters, which are regarded
as the agent’s actions. Consequently, we specify the action
space as follows:

at = {xc(t)} , (19)

where xc(t) represents the 10 controllable variables utilized
in problem (6). Thus, the action space is a 10-dimensional
space, with each dimension comprising 21 discrete variables.
As a result, the action space encompasses a total of 2110 ≈
1.7 × 1013 actions, indicating its extremely large size.

State transition Given the current state st , the agent
selects action at , and subsequently, the environment returns
rewards and transitions to the next state st+1 based on the
stochastic state transition probability function P(st+1|st , at ).
This function cannot be obtained in advance and needs to
be approximated through multiple interactions between the
agent and the environment, involving a sampling process.

Reward The reward received by the agent at state st when
taking action at is represented as rt . To diminish the long-
term energy consumption of the chiller cooling system and,
subsequently, lower the PUE, we establish the reward func-
tion as the negative energy consumption:

rt = −Ecooling (Xc,Xs,Xe) , (20)

where Ecooling (Xc,Xs,Xe) is obtained through the TPNM
introduced in Section 4.

5.2 Dueling double deep Q-network

The dueling double deep Q-network (D3QN) is an RL algo-
rithm that combines the dueling architecture and the double
deep Q-network (DQN) approach [23]. By decomposing
the action value function into a state value function and
an advantage function, dueling DQN effectively handles the
differences between different actions, reduces the learning
complexity, and achieves significant performance improve-
ments. Moreover, the adoption of double DQN helps to
mitigate the overestimation of action values.

5.2.1 Deep Q-network

RL aims to maximize the long-term reward through interac-
tions between an agent and its environment. The reward is
composed of both immediate and future rewards, discounted
by a factor γ as defined by the following equation:

Gt =
∞∑

k=0

γ krt+k . (21)

In pursuit of maximizing the long-term reward, the optimal
action must be selected for each state. To evaluate the value
of action at at state st , we introduce the action value function
Q(st , at ) as follows:

Q(st , at ) = E [Gt |s = st , a = at ] . (22)

In the real world, directly obtaining Q(st , at ) is not feasi-
ble, but we can approximate it using the temporal difference
(TD) method. Through iteratively interacting with the envi-
ronment, Q(st , at ) is iteratively approximated according to
the following update rule:

Q(st , at ) ← Q(st , at ) + α
[
yTD − Q(st , at )

]
, (23)

where α represents the step size, and the TD target is denoted
as yTD = rt + γ maxa Q(st+1, a). During the interaction
process, the action a is selected using an ε-greedy policy:

a =
{
argmaxa′ Q(s, a′), p = 1 − ε,

random a ∈ A, p = ε,
(24)

where p represents the probability of executing the action.
The DQN was introduced as a solution to the challenges

encountered when dealing with large or continuous state and
action spaces [22]. Instead of relying on a traditional Q-table
Q(s, a) as in Eq. 23, theDQNemploys a deep neural network
called the Q-network, denoted as Qθθθ (s, a). Furthermore, to
mitigate the issue of unstable training, a target Q-network,
represented by Qθθθ−(s, a), is introduced. This target network
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serves to stabilize the training process by maintaining fixed
training targets for a specific duration. The parameters of the
target Q-network are updated every C steps using the values
from the primary network Qθθθ (s, a). As a result, the TD target
of the DQN differs from the one defined in Eq. 23 and can
be expressed as follows:

yDQN = rt + γ max
a

Qθθθ−(st+1, a). (25)

During the training stage, a time-dependent sequence
of experiences (s, a, r , s′) is generated, which hinders the
effective training of the Q-network. Moreover, reusing expe-
riences to improve efficiency is desired. To address these
issues, experience replay is introduced. This involves stor-
ing the sampled experiences in a replay buffer denoted as
D, from which a batch of samples is randomly selected for
training the Q-network. The loss function employed during
training is defined as follows:

L(θθθ) = E(s,a,r ,s′)∼D
[(

yDQN − Qθθθ (st , at )
)2

]

. (26)

5.2.2 D3QN

The estimation of the Q-network involves both positive and
negative estimation errors. However, in the case of DQN,
the same Q-network is used for action selection and evalua-
tion, by selecting actions with maximumQ-values, as shown
in Eqs. 23 and 25. This approach leads to the accumulation
of positive estimation errors. To address this overestimation
problem in DQN, the double DQN algorithm [24] is pro-
posed. Double DQN tackles the issue by decomposing the
max operation in the TD target into action selection and
action evaluation. In double DQN, the two Q-networks used
inDQN serve as a natural choicewithout requiring additional
networks. Action selection is performed by Qθθθ (s, a) using
an ε-greedy policy, while Qθθθ−(s, a) is used to evaluate the
action. The update process of double DQN remains the same
as DQN, but the TD target yDQN is replaced with:

ydouble DQN = rt + γ Qθθθ−
(

st+1, argmax
a

Qθθθ (st+1, a)

)

.

(27)

Building upon doubleDQN, theD3QNapproach [23] pro-
poses to separate the action value function Q(s, a) into the
state value function V (s) and the advantage function A(s, a),
as shown below:

Qθθθ (s, a) = Vθθθ (s) + Aθθθ (s, a) − 1

|A(s)|
∑

a′∈A(s)

Aθθθ (s, a
′),

(28)

where A(s) represents the set of available actions at state s.
Considering themodification inEq. 28, the architecture of the
Q-network is also altered. The original Q-network is divided
into the state value sub-network Vθθθ (s) and the advantage
sub-network Aθθθ (s, a), which are then combined to obtain the
action value function Qθθθ (s, a) according to Eq. 28. Through
these operations, D3QN can effectively focus on the value
of actions or states and handle larger action spaces more
efficiently.

5.3 Branching action space for compression

While traditional DRL algorithms demonstrate commend-
able performance, they encounter difficulties in handling
large action spaces (encompassing approximately 1.7×1013

actions in this paper) for several reasons. First, the extremely
large size of the action space makes it difficult for them to
directly learn and explore effective strategies. Second, these
algorithms often require an extensive number of samples for
learning and exploration, leading to low sample-efficiency
and time consumption. Third, the output dimensions of Q-
networks in these traditional methods correspond to the total
possible actions, resulting in computationally intensive large-
scale neural networks. To tackle this challenge, we propose a
solution that involves branching the action space into multi-
ple sub-action spaces, aiming to achieve compression while
preserving a certain level of interdependence among the sub-
actions [34].

In this paper,we extend theD3QNframework by introduc-
ing action branching. Specifically, we branch the advantage
sub-network intomultiple sub-advantage networks,while the
action-independent state value functions are shared across
all sub-action spaces. This modified framework is referred
to as BD3QN and is depicted in Fig. 3. Significantly,
these sub-actions are not entirely independent, as they rely
on the shared representation utilized by the sub-advantage
networks. This level of interdependence is crucial for coor-
dinating the sub-actions [34] to achieve better performance.
It has been demonstrated that the absence of such interdepen-
dencewould deteriorate the performance [34]. By combining
the sub-advantage networks and the state value sub-network,
we derive the action value function for each sub-action. The
formal description and definition of BD3QN are presented
as follows.

We first decompose the action spaceA into D sub-action
spaces {A1,A2, · · · ,AD}, then the action value function for
sub-action ad ∈ Ad at state s can be represented as:

Qθθθd (s, ad)=Vθθθ (s)+Aθθθd (s, ad) − 1

|Ad |
∑

a′
d∈Ad

Aθθθd (s, a
′
d),

(29)
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representation

ConcatConcat

Sub-action value 1

Sub-action value d

Sub-action value D

StateState

Fig. 3 The network architecture of BD3QN

where the state s serves as a shared component across all
sub-actions. The parameter θθθd denotes the parameters of the
sub-action value function Qθθθd (s, ad). Furthermore, it should
be noted that there exists partial parameter overlap among
θθθ1, θθθ2, · · · , θθθd .

In BD3QN, the selection of actions is contingent upon the
selection of sub-actions, as shown below:

a = {a1, a2, · · · , aD} , (30)

where the sub-action ad is selected from the d-th sub-action
space using an ε-greedy policy:

ad =
{
argmaxa′

d∈Ad
Q(s, a′

d), p = 1 − ε,

random ad ∈ Ad , p = ε.
(31)

To address the overestimation problem and consider mul-
tiple sub-action spaces, BD3QN adopts a TD target similar to
D3QN. The TD target for the d-th sub-action space is defined
as follows:

yd = rt + γ Qθθθ−
d

(

st+1, argmax
ad∈Ad

Qθθθd (st+1, ad)

)

, (32)

Consequently, the loss function of BD3QN is defined as the
mean squared error across the sub-action spaces:

L(θθθ) = E(s,a,r ,s′)∼D

[
1

D

∑

d

(
yd − Qθθθd (st , ad)

)2
]

, (33)

where a denotes the multidimensional action.
Considering the enormous action space in our problem,

there are numerous experiences stored in the replay buffer.
However, uniformly sampling the data for training may lead
to low efficiency. To address this issue, it is crucial to priori-
tize experiences with higher TD errors, as they can accelerate
the training process. Therefore, this paper adopts prioritized
experience replay [35], which improves sample efficiency
and results in a better policy. The importance of experience
(s, a, r , s′) in prioritized experience replay is evaluated based
on the TD error. Specifically, the TD error is the sum of TD
errors across sub-actions in BD3QN:

δ(s, a, r , s′) =
∑

d

(
yd − Qθθθd (s, ad)

)
. (34)

To determine the probability of replaying experience
(s, a, r , s′), a formula is defined as follows:

P(s, a, r , s′) =
(∣
∣δ(s, a, r , s′)| + ε

)μ

∑
(s,a,r ,s′)∈D (|δ(s, a, r , s′)| + ε)μ

, (35)
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where μ denotes the prioritization exponent, and ε is a small
positive constant that prevents experiences with zero prob-
ability of being replayed. However, prioritized experience
replay may introduce bias into the training process due to
non-uniform sampling. To overcome this issue, importance
sampling weights are introduced:

w(s, a, r , s′) =
(

1

|D| · 1

P(s, a, r , s′)

)β

, (36)

where |D| indicates the number of samples, and β is the
importance sampling exponent. Finally, the loss function of
BD3QN is modified as follows:

L(θθθ) = E(s,a,r ,s′)∼D

[

w(s, a, r , s′) · 1

D

∑

d

(
yd − Qθθθd (st , ad )

)2
]

.

(37)

The comprehensive training procedure is outlined in
Algorithm 1.

By leveraging the BD3QN architecture, the exponential
growth of the number of actions can be effectively reduced
to a linear scale. In an N -dimensional action space with nd
discrete sub-actions for the d-th dimension, the total num-
ber of actions is given by

∏N
d=1 nd . Consequently, achieving

convergence and learning the optimal policy becomes a chal-
lenging task. However, the BD3QN approach addresses this
challenge by branching the N -dimensional action space into
N sub-action spaces. As a result, the total number of actions
becomes the summation of the sub-actions, i.e.,

∑N
d=1 nd .

This transformation significantly enhances the feasibility of
addressing the problem posed by large-scale action spaces.

6 Experiments

In this section, we thoroughly evaluate our proposed algo-
rithms using a real-world dataset, comparing them with
other benchmarks.We commence by introducing the dataset,
detailing preprocessing steps, and elucidating our experi-
mental setup. Subsequently, we provide a comprehensive
presentation and detailed analysis of the experimental results.

6.1 Experimental setup

The experimental data were collected from a data center sit-
uated in Jinan, Shandong province, China, using various IoT
devices such as temperature and humidity sensors, flowme-
ter sensors, and others. Data collection commenced on May
31, 2022, at 08:39 and concluded on December 8, 2022, at
04:43, with a sampling frequency of either one or two min-
utes. In order to enhance the raw data’s quality and usability,

Algorithm 1 BD3QN-based energy consumption opti-
mization for Chiller cooling system.
Input : Inital sate s0.
Output : Optimal action a∗(t).

1 Initialization: Establish two BD3QN Q-networks, Qθθθ and
Qθθθ− , with the same initialized parameters θθθ and θθθ−. Initialize
the prioritized experience replay;

2 for episode = 1 : N do
3 Reset the environment and obtain the initial state s0;
4 for time step t = 1 : ST do
5 The agent observes the environmental state st and

selects the sub-action ad for each d-th sub-action
space, ∀d ∈ {1, 2, · · · , D}, based on Eq. 31. Then, the
sub-actions are combined to obtain the overall action
at ;

6 Perform action at and obtain the corresponding reward
rt using the TPN. Transition to the next state st+1;

7 Store the experience (st , at , rt , st+1) in the prioritized
experience replay buffer D;

8 Assign a prioritized weight to each experience
according to Eq. 35 and sample a batch of experiences
from D when the data volume reaches the minimum
batch size;

9 Perform gradient descent on the loss function (37)
across the sampled experiences to update the
parameters of the Q-network θθθ ;

10 Update the parameters of the target Q-network θθθ−
with the parameters of θθθ every C steps;

11 end
12 end

preprocessingmeasures are undertaken tomitigate errors and
biases in data analysis and modeling. Initially, we apply lin-
ear interpolation to standardize the time intervals, followed
by Z-score normalization to transform the data. Recogniz-
ing that uninformative features have a negligible impact on
predictions, we eliminate single-valued features, commonly
referred to as zero variance features, to reduce the com-
putational load during the training process. Additionally,
we utilize the box-whisker plot method to identify outliers,
thereby ameliorating the adverse effects of inconsistent data.
It is noteworthy that this method is robust and does not neces-
sitate data adherence to a specific statistical distribution. As a
result of these preprocessing steps, the processed dataset now
consists of 190 dimensions, incorporating 699 input features
and one energy consumption label, with a total of 188,747
samples.

TPN employs a historical data input of T = 8 time slots.
The prediction layer comprises three layers with 190, 64, 32,
and 1 neurons, respectively. The batch size is set at 512, the
learning rate is fixed at 3 × 10−4, and the Adam optimizer
with mean squared error (MSE) is employed. In BD3QN,
the initial exploration ratio is 0.001, the minibatch size is
150, the minimum replay memory size is 300, the shared
representation layer size is (1024, 256), and each branch layer
size is 128. BD3QN is trained using Adam with a learning
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Table 1 Simulation parameters

Parameters Values Parameters Values

dm 190 h 4

dt 190 d f 380

ChWOTl 18 ◦C ChWOTu 28 ◦C
ChWOPl 0 bar ChWOPu 4 bar

CoWOTl 17 ◦C CoWOTu 29 ◦C
CoWOPl 0 bar CoWOPu 6 bar

EOTl 14 ◦C EOTu 20 ◦C
μ 0.6 β 0.4

ε 0.01 γ 0.9

C 20 ST 40

rate of 2 × 10−3. The remaining hyperparameters for both
TPN and BD3QN, as well as the simulation parameters, are
provided in Table 1.

For prediction, we select a set of classical prediction algo-
rithms for comparisonwith our proposedTPN. These include
linear regression (LR), support vector regression (SVR),
residual network (ResNet), GRU [13], and long short-term
memory (LSTM). For the evaluation of their performance,
we employ three commonly used metrics: root mean square
error (RMSE), mean absolute error (MAE), and mean
absolute percentage error (MAPE), which are defined as
follows:

RMSE =
√
√
√
√ 1

T

T∑

t=1

(ŷt − yt )2, (38)

MAE = 1

T

T∑

t=1

|ŷt − yt |, (39)

MAPE = 1

T

T∑

t=1

|ŷt − yt |
yt

× 100%. (40)

For optimization, we evaluate the proposed BD3QN
against the following DRL algorithms: DQN [22], Double
DQN [24], Dueling DQN [23], and D3QN [23].

6.2 Experiment results

6.2.1 Prediction performance

We select a specific time period for evaluating the perfor-
mance of our proposed TPN, spanning from September 10,
2022, at 00:00 to September 23, 2022, at 20:00. The com-
parison between the predicted energy consumption of the
TPN and the real energy consumption is depicted in Fig. 4.
Notably, the predicted results closely align with the real val-
ues, underscoring the effectiveness of the proposed TPN.

To provide a quantitative assessment, we compare our pro-
posed algorithms with other prediction benchmarks using
multiple metrics, namely RMSE, MAE, and MAPE. The
detailed results are presented in Table 2. Our comparative
analysis reveals that the TPN achieves the lowest RMSE of
0.98% and the lowest MAPE of 1.40%, both of which signif-
icantly outperform the other benchmarks. In particular, the
TPNyields a 75.5%reduction inRMSEanda32.4%decrease
in MAPE compared to the next best algorithm, GRU. This
advantage is particularly pronounced when contrasted with
all other benchmarks.

Fig. 4 Prediction results of TPN
versus real values
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Table 2 Performance comparison of various prediction algorithms
(The best results are in bold)

Algorithm RMSE MAE MAPE

LR 50.8% 3.32% 12.8%

SVR 16.4% 4.77% 15.85%

ResNet 6.33% 0.91% 3.19%

GRU 4.00% 0.76% 2.07%

LSTM 6.55% 1.49% 3.09%

TPN 0.98% 0.83% 1.40%

While the MAE of TPN is slightly less favorable than
that of GRU, it remains advantageous in comparison to all
the other algorithms. It is noteworthy to consider that RMSE
primarily reflects the algorithm’s ability to capture the overall
data trend, whereas MAE assesses its ability to fit individual
data points, and MAPE evaluates the relative error concern-
ing the real values. Therefore, the observation of a slightly
higher MAE alongside significantly improved RMSE and
MAPE suggests that TPN excels in capturing the broader
data trends for the majority of data points, although it may
sacrifice some precision with respect to specific data points,
possibly influenced by outliers.

In conclusion, the aforementioned experimental results
decisively affirm the superiority of TPN over other algo-
rithms. They underscore the effectiveness of its architectural
design and its proficiency in capturing temporal dependen-
cies within the dataset.

6.2.2 Optimization performance

Aspreviouslymentioned, the original action space consists of
10 dimensions, each encompassing 21 discrete values, result-
ing in a staggering total of 1.7× 1013 possible actions. Such
an expansive action space exceeds the manageable scope
of classical DRL algorithms2. To facilitate feasible compar-
isons, we opt for a more tractable approach, reducing the
action space to 5 dimensions, each with 6 discrete values,
in our experiments involving DQN, double DQN, dueling
DQN, and D3QN. The reward variations of these DRL algo-
rithms during the training process are visualized in Fig. 5.
The results clearly demonstrate that BD3QN converges to
a value of -23 in approximately 1000 episodes, while the
other DRL algorithms do not converge and consistently yield
significantly lower rewards, around -24.5. Notably, BD3QN
operateswithin an action space of size 6×5 = 30whereas the
other DRL algorithms grapple with a massive action space of
65 = 7776. The significantly smaller action space in BD3QN
facilitates faster convergence and leads to the acquisition

2 The Q-networks within them would necessitate vast computational
resources, roughly around 60 TB in practice, posing a considerable
challenge to attain.

of a more effective policy. Conversely, the impractically
enormous action spaces of the other DRL algorithms ren-
der policy learning infeasible. Additionally, it is important
to note that during the training phase, classical DRL algo-
rithms consume considerably more time than BD3QN due to
the increased complexity of their Q-networks resulting from
the extremely larger action space.

We now turn our attention to the case of 10-dimensional
actions, each consisting of 21 discrete values. The rewards’
variations during the training process ofBD3QNare depicted
in Fig. 6. Notably, despite the enormous action space com-
prising approximately 1.7 × 1013 possible actions, BD3QN
converges to a value of -19 in approximately 1000 episodes.
This convergence speed is comparable to the 5-dimensional
action case with 6 discrete values, but the results are
markedly superior. The enhanced results can be ascribed to
the increased number of parameters we managed and the
greater precision we exercised in control. This achievement
underscores BD3QN’s exceptional capability to manage
exceedingly large action spaces while maintaining advan-
tages in both convergence and optimality. The efficacy of
BD3QN can be attributed to the efficacy of its branching
operation, which effectively reduces the number of actions
from 1.7 × 1013 to a manageable 210.

We assess the performance of BD3QN during a specific
time window, spanning from 23:00 to 05:00 on September
10, 2022. The comparative results of optimized energy con-
sumption versus real values are illustrated in Fig. 7. Notably,
the optimized and real energy consumption exhibit congruent
trends, with a substantial reduction observed in the opti-
mized energy consumption. The minimum reduction stands
at 1.87%, while the maximum reaches 20.0%, and the mean
reduction totals 12.1%. These findings underscore the effi-
cacy of BD3QN in optimizing energy consumption.

Additionally, we conduct a comparison between opti-
mized parameters and real parameters, as partially illustrated
in Fig. 83, to offer insights for practical applications. It is
discernible that the original real parameters remain largely
unchanged, while the optimized parameters exhibit signif-
icant fluctuations over time. This observation underscores
the necessity for dynamic changes in optimal parameters, as
opposed to the static nature of suboptimal, unaltered param-
eters. This dynamic adaptability is a key reason why BD3QN
surpasses human-operated systems where parameters often
remain fixed for extended periods. In Fig. 8a and b, it is
evident that the parameters of two chillers, despite being
identical, follow distinct trends. This divergence arises from
variations in chiller statuses and their mutual cooperation.
Among these optimized parameters, no consistent trend or

3 In this paper, we optimize two chillers, each with the same set of five
parameters. To maintain conciseness, we select only five parameters
from chiller 1 and one parameter from chiller 2 for comparison.
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Fig. 5 Rewards variations of
DRLs during the training
process with 65 actions

governing rule for their control can be discerned. This high-
lights the intricacy of the system and the impracticality of
human-designed strategies. Consequently, the utilization of
BD3QN is deemed necessary.

7 Conclusion

In this paper, we have investigated the PUE optimiza-
tion challenge within IoT-enabled data centers, employing
deep learning-based algorithms. We have constructed a deep
learning-powered framework tailored to PUE optimization

in IoT-enabled data centers, and systematically defined a
general PUE optimization problem. Subsequently, we have
refined and specified this problem, focusing on the task of
minimizing energy consumption in chiller cooling systems.
We have developed a transformer-based prediction network
to accurately predict the energy consumption of chiller cool-
ing systems, in capable of capturing temporal dependencies.
Wehave transformed the optimization problem into aMarkov
decision process and presented the branching double duel-
ing deep Q-network to handle extremely larger action spaces
while keeping good performance. Our extensive experiments
have confirmed the outstanding performance of the proposed

Fig. 6 Rewards variations of
BD3QN during the training
process with 2110 actions
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Fig. 7 Optimized energy
consumption versus real energy
consumption

Fig. 8 Optimized parameters versus real parameters
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algorithms in termsof predictionprecision, optimization con-
vergence, and optimality. In the future, we aim to further
enhance our algorithms to achieve superior performance and
explore additional energy-saving strategies.
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